











Gene Regulatory Compatibility in Bacteria: 
Consequences for Synthetic Biology and Evolution 
 
 




















Submitted in partial fulfillment of the 
requirements for the degree  
of Doctor of Philosophy 
under the Executive Committee 




















































All rights reserved 
Abstract 
 
Gene Regulatory Compatibility in Bacteria: Consequences for Synthetic Biology and Evolution 
 
Nathan I. Johns 
 
 
 Mechanistic understanding of gene regulation is crucial for rational engineering of new 
genetic systems through synthetic biology. Genetic engineering efforts in new organisms are often 
hampered by a lack of knowledge about how regulatory components function in new host contexts. 
This dissertation focuses on efforts to overcome these challenges through the development of 
generalizable experimental methods for studying the behavior of DNA regulatory sequences in 
diverse species at large-scale.  
 Chapter 2 describes experimental approaches for quantitatively assessing the functions of 
thousands of diverse natural regulatory sequences through a combination of metagenomic mining, 
high-throughput DNA synthesis and deep sequencing. By employing these methods in three 
distinct bacterial species, we revealed striking functional differences in gene regulatory capacity. 
We identified regulatory sequences with activity levels with activity levels spanning several orders 
of magnitude, which will aid in efforts to engineer diverse bacterial species. We also demonstrate 
functional species-selective gene circuits with programmable host behaviors that may be useful 
for microbial community engineering. In Chapter 3 we provide evidence for the evolution of 
altered stringency in s70-mediated transcriptional activation based on patterns of initiation and 
activity from promoters of diverse compositions. We show that the contrast in GC content between 
a regulatory element and the host genome dictates both the likelihood and the magnitude of 
expression. We also discuss the potential implications of this proposed mechanism on horizontal 
gene transfer. 
 The next two chapters focus on efforts aimed at extending the high-throughput methods 
described in earlier chapters to new organisms. Chapter 4 presents an in vitro approach for 
multiplexed gene expression profiling. Through the development and use of cell-free expression 
systems made from diverse bacteria, it was possible to rapidly acquire thousands of transcriptional 
measurements in small volume reactions, enabling functional comparisons of regulatory sequence 
function across multiple species. In Chapter 5 we characterize the restriction-modification system 
repertoires of several commensal bacterial species. We also describe ongoing efforts to develop 
methods for bypassing these systems in order to increase transformation efficiencies in species 
that are difficult or impossible to transform using current approaches. 
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Gene regulation in bacteria 
 Bacteria control the allocation of cellular resources and adapt to changing environments 
through precise gene regulatory mechanisms that govern the transcription of RNA from DNA and 
the translation of RNA into protein. The general details of these processes were learned years ago, 
beginning with seminal studies of the lac operon and the fundamental work deciphering the genetic 
code and the biochemistry of the ribosome1-3. Transcriptional networks, the first layer of genetic 
control, are connected through interactions between trans-acting regulatory proteins and cis-
regulatory DNA sequences. For most genes in bacteria like E. coli, the core RNA polymerase binds 
to a sigma factor protein, which then directs the complex to specific promoter sequences found 
throughout the genome. From there, RNA polymerase unwinds the DNA upstream of a gene and 
begins transcribing RNA. The amount of RNA produced for a given gene is primarily determined 
by the affinity of the sigma factor a given binding site and also by the presence of additional 
regulatory proteins which can have activating or repressive effects. Transcribed RNA can then be 
translated into functional protein by the ribosome. Through decades of work characterizing these 
fundamental processes, biologists have gained deep knowledge about the function of several model 
regulatory systems4,5, which have offered basic principles by which to understand the vast diversity 
of other systems found in nature6. 
 
Synthetic biology and gene regulation 
After decades of progress in genetics and biochemistry, synthetic biologists began building 
new biological systems from the ground up. The advancement of this nascent field was in large 
part possible due to the characterization and repurposing of regulatory sequences, which form the 
backbone of engineered genetic circuits. The initial construction of systems with oscillating7 and 
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bi-stable behaviors8 revealed the immense potential of synthetic gene circuits. In the years since 
there has been an explosion of studies demonstrating a wide-array of circuit architectures and 
functions9,10. Importantly, this progress has enabled practical real-world applications in medicine, 
agriculture, and other industries11-15. 
 Many of the key advancements in synthetic biology were accomplished using a 
surprisingly small array of regulatory sequences whose behaviors are well-characterized16-18. 
While larger libraries of standardized promoter and ribosome binding site elements have since 
been developed19,20, there is still a need for tools that can predict accurately regulatory function 
from sequence. Although biophysical modeling has enabled fairly accurate prediction of bacterial 
ribosome binding site strengths21,22, accurate prediction of promoter strengths from sequence alone 
remains challenging, even for simple constitutively active sequences23,24. 
 
The high-throughput era 
 The advent of genome-wide measurement technologies has dramatically transformed the 
study of gene regulation. Technologies such as microarrays, RNA-seq, and ribosome profiling 
have given us insight into how gene regulation is coordinated at a global level25-27. Other methods 
including transcription start site profiling and ChIP-seq have helped reveal the precise regulatory 
organization of genomes28-31. Although microarray-based methods have largely been superseded, 
computational approaches that used this type of data to infer regulatory network structures and 
discover cis-regulatory elements are still in use today32-34. However, the transition towards 
sequencing has greatly improved the scale and resolution by which these regulatory measurements 
can be made35. As a result of this explosion in biological information, we now have substantial 
 4 
knowledge about transcriptional networks in model bacteria like E. coli36,37 and B. subtilis38, 
although there is still much to be learned39.  
At the scale of individual regulatory sequences, methods like whole-transcriptome RNA-
seq can only measure strength of expression under various conditions and do not provide a 
biophysical basis for these changes in activity. Random mutagenesis has long been used to 
generate populations of regulatory and coding sequence variants for functional analysis and also 
industrial application40,41 . A key advance in the study of regulatory sequences at the biophysical 
level came from the combination of mutagenesis with deep sequencing42. Mutagenized libraries 
of regulatory sequences can be cloned upstream of reporter genes such as GFP, creating fluorescent 
readouts of their strengths. Cells can then be separated in to bins based on their activity levels 
through FACS and through sequencing, one can infer the expression level of each variant based 
which bins it was sorted into. By examining how mutations impact expression, it is possible to 
precisely quantify the strength of interactions between regulatory proteins and DNA at single-
nucleotide resolution. This approach has recently been used to identify and characterize previously 
unknown transcription factor binding sites within promoter sequences, highlighting the utility of 
such high-throughput reporter assays39. 
Natural regulatory sequences and their variants constitute only a small fraction of all 
possible sequences. Methods like SELEX-seq can identify the specificities of DNA-binding 
proteins through rounds of in vitro selection using complex pools of random sequences43. Rational 
design of new regulatory sequences has proven to be a powerful method for examining parameters 
that cannot be generated through mutagenesis. The advancement of large-scale oligo synthesis44 
has enabled the construction of libraries of novel sequences with variation in transcription factor 
binding site identity, positioning, orientation, and multiplicity which, when combined with a 
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reporter system, has allowed for determination of how these properties influence expression in 
yeast and mammalian cells45-47. In bacteria these approaches have facilitated the characterization 
of composability between different regulatory features48 and also the  influences of 5’ mRNA 
secondary structure and codon usage on translation initiation49-51. De novo library design has most 
recently been used to characterize interactions between different promoter features in combination 
with machine learning, representing a large advance in the predictive modeling of bacterial gene 
expression52.  
 
Demystifying and engineering non-model bacterial species 
 The combination of  high-throughput technologies and synthetic biology has given us deep 
insights into the mechanisms of gene expression in model species like E. coli. However, our level 
of detailed knowledge about these processes in most bacteria pales in comparison. The rate at 
which new bacterial species can be identified and sequenced has greatly outpaced our ability to 
understand them. A key challenge for going forward will be to find ways to rapidly acquire 
information about the genetics and physiologies of these organisms53-55.  
Efforts to engineer new species are often hampered by basic challenges like a lack of 
regulatory sequences from which to express heterologous genes. While proteins typically function 
similarly in new host contexts56-58, regulatory sequences often have altered strengths or fail to 
function at all in new host contexts59,60. These differences may result from global differences in 
regulatory protein repertoires or more specific differences in their core gene expression 
machineries61. Although the genes encoding for RNA polymerase subunits and the many 
components of the ribosome are highly conserved across bacteria, the domain architectures and 
structures of these complexes can differ between phyla62,63. This variation could possibly lead to 
 6 
functional differences that impact how the core regulatory machinery interacts with promoters and 
ribosome binding sites from other species59.  
The failure to reliably reuse E. coli regulatory sequences in some organisms has led to the 
development of species or phylogenetic-group specific components64-68 and orthogonal expression 
systems58,69. While useful in practical terms, the division of synthetic biology into host-specific 
domains may slow down the advancement of genetic engineering more generally as systems 
developed for one organism will have limited applicability in another. In order to unify efforts 
within the bacterial synthetic biology field, it is thus necessary to thoroughly characterize the 
impact of host context on genetic circuit function. The complete lack of knowledge regarding the 
mechanisms underlying cross-species variation in regulatory part performance limits our progress 
in this regard. In order to tackle the complexity of regulatory compatibility in bacteria, it will be 
necessary to develop of new approaches that draw from both systems and synthetic biology.  
 
Dissertation Overview 
 This thesis discusses the development of generalizable strategies to lay the groundwork for 
synthetic biology in new bacteria with a focus on the study and engineering of gene expression. 
Chapter 2 describes the development of high-throughput methods that combine genome mining, 
high-throughput DNA synthesis, and next-generation sequencing in order to characterize the 
transcriptional and translational strengths of thousands of natural regulatory sequences. By 
applying these approaches to several bacterial hosts, we were able to identify thousands of 
regulatory sequences that spanned a wide range of activity levels, including those with broad and 
narrow host ranges. Importantly, we observe large variation in the ability for different host bacteria 
to activate heterologous regulatory sequences, highlighting the importance of host context when 
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designing genetic circuits. Overall this work represents the first systematic examination of 
compatibility between DNA regulatory sequences and diverse host bacteria and provides rich 
resource of genetic components to the synthetic biology community. Lastly, we developed novel 
species-selective gene circuits with programmable outputs by exploiting variation in regulatory 
sequence host ranges.  
 Chapter 3 provides a deeper examination of the mechanisms behind variation in bacterial 
regulatory compatibility, with a focus on s70-mediated transcription initiation. We find that 
bacteria are best able to activate regulatory sequences from similar or lower GC contents than their 
own genomes. To explain this phenomenon, we provide evidence for the evolution altered 
transcription initiation stringency by the core bacterial housekeeping sigma factor to optimize 
binding within the context of host genomic GC composition. Through  examining 1545 genome 
sequences we find widespread evidence of GC-adaptation within putative s70 binding sites. We 
also further discuss the potential implications of GC content adaptation for horizontal gene transfer 
and synthetic biology. 
 Chapter 4 describes the extension of our high-throughput methods to in vitro settings. We 
developed transcriptionally active cell-free expression systems from ten diverse bacteria from 
three phyla. Using these systems, we were able to perform multiplexed transcriptional assays to 
characterize our library of natural regulatory sequences in small-volume reactions. In vitro 
measurements spanned a wide range of activity levels and had good correspondence with in vivo 
data. Through pairwise comparisons we found that transcription profile similarity decreases with 
phylogenetic distance. We also attempt to model and predict promoter strengths based on their 
sequence composition. Our results demonstrate that in vitro multiplexed reporter assays can greatly 
simplify library-scale measurements. 
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  In Chapter 5 we discuss ongoing work aimed at circumventing bacterial defense systems. 
Restriction-modification systems pose a formidable barrier to high-efficiency transformation in 
many bacteria. Using single-molecule real-time sequencing, we characterized the methylomes of 
four commensal Bacteroides species. Plasmids that are commonly used in these organisms were 
found to have a large number of potential restriction sites, which may limit their transformability. 
We then describe a computational approach to systematically recode plasmid sequences to 
eliminate restriction sites recognized by organisms of interest. Lastly, we discuss efforts to 
construct a methyltransferase library that can be used to create custom methylation patterns that 
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Robust and predictably performing synthetic circuits rely on the use of well-characterized 
regulatory parts across different genetic backgrounds and environmental contexts. Here, we report 
the large-scale metagenomic mining of thousands of natural 5’-regulatory sequences from diverse 
bacteria and their multiplexed gene expression characterization in industrially-relevant microbes. 
We identified sequences with broad and host-specific expression properties that are robust in 
various growth conditions. We further observed significant differences between species’ capacity 
to utilize exogenous regulatory sequences. Finally, we demonstrated programmable species-
selective gene expression that produces distinct and diverse output patterns in different microbes. 
Together, these findings provide a rich resource of characterized natural regulatory sequences and 
a framework to engineer synthetic gene circuits with unique and tunable cross-species 
functionality and properties, and open the prospect of ultimately engineering complex behaviors 




 Synthetic biology relies on well-characterized genetic components to modularly assemble 
increasingly sophisticated gene circuits with specified function1. Recent advances in high-
throughput DNA sequencing and synthesis have greatly increased our ability to generate new 
genetic parts2.  Natural enzymes and regulatory proteins have been systematically screened for 
new functionality3-5, while non-coding cis-regulatory elements have been characterized to better 
understand biophysical parameters6, parts composability7, contextual robustness8 and regulatory 
logic9 for building more complex genetic systems. Most regulatory components are derived from 
mutational variants templated from a few sequences of limited genetic diversity10,11. The vast 
majority of parts used today are based on those from a few model organisms12 and their 
functionality in diverse genetic backgrounds and growth conditions remain poorly characterized. 
For many commercially useful microbes, only a handful of regulatory parts have been rigorously 
tested, and these often have limited range of expression13-18. Efforts to utilize exogenous regulatory 
parts in new hosts often fail due to differences in their gene expression machinery19. While more 
universally compatible and portable regulatory systems have been proposed using orthogonal 
regulators5,20-22, these approaches still rely on endogenous machineries for initial activation, which 
are uncharacterized for most species. The development of regulatory parts with programmable 
host-ranges could enable new types of synthetic circuits for engineering diverse microbial 
communities for industrial and therapeutic applications23. 
Here, we report the mining of 184 microbial genomes to yield a diverse library of tens of 
thousands of natural regulatory sequences. We systematically quantified transcription and 
translation levels of the library across different bacterial species and growth conditions and 
developed species-selective gene circuits with distinct preprogrammed output patterns in different 
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hosts. This dataset significantly expands the repertoire of prokaryotic regulatory sequences that 




Mining and characterizing natural regulatory sequences 
To expand the phylogenetic breadth of useful promoters and translation initiation signals, 
we first mined 184 prokaryotic genomes for putative regulatory sequences (Figure 2.1, See 
Methods). These genomes spanned major phylogenetic groups from diverse habitats and included 
industrially relevant species (Suppl. Figures 2.S1). We compiled a library of 29,249 uniquely 
barcoded regulatory sequences (RSs) with an average of 159 derived from each genome. 
To determine the activity of each regulatory sequence in the library, we utilized a 
previously described high-throughput GFP reporter system7 (Figure 2.1). The RS library was 
generated by microarray oligo synthesis, amplified, and cloned as a pool into shuttle vectors 
(Suppl. Figure 2.S2) upstream of a super-folding GFP and subsequently transformed into different 
species for characterization. To determine transcription levels of the RS library, we used targeted 
RNA-seq and DNA-seq and normalized each construct’s sfGFP mRNA read counts by its total 
DNA abundance in the population after filtering for sequencing and synthesis errors. These 
multiplex transcription measurements showed high degrees of concordance between biological 
replicates and duplicate RSs with alternate barcodes (Pearson r = 0.88 and 0.86 respectively, 
Suppl. Figure 2.S3). RT-PCR measurements of individual library members are also highly 
correlated with their corresponding multiplex measurements (Suppl. Figure 2.S4a). To measure 
translational activity, we employed FACS-seq to quantify sfGFP protein levels generated from 
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each regulatory sequence (Suppl. Figure 2.S4b)6,7. Flow cytometry measurements of isolate 
library members showed a high level of correlation with their population-derived FACS-seq 
library data (Suppl. Figure 2.S4c). Furthermore, transcription and translation measurements using 
an alternative reporter, mCherry, were well-correlated with GFP values (Suppl. Figure 2.S5).  
 
Universal and host-specific patterns of transcriptional activation 
To explore the transcriptional potential of our RS library in different bacterial hosts, we 
first transformed the library at high coverage into Bacillus subtilis, Escherichia coli, and 
Pseudomonas aeruginosa. B. subtilis is a soil gram-positive Firmicute, while E. coli and P. 
aeruginosa are gram-negative Proteobacteria that colonize diverse environments. Transcriptional 
measurements were made from mid-exponential phase cultures, resulting in a converged set of 
11,319 regulatory constructs with high-confidence expression across each species. To enable 
transcription profile comparisons between species, we normalized transcription values in each 
species with endogenous control sequences present in the library, which are used as references to 
compare activity levels of RSs with sequences that are representative of each host’s native 
transcriptome (See Methods). 
We observed significant differences in the transcription activity of the RS library between 
different hosts (Figure 2.2a). B. subtilis displayed the lowest number of active RSs (18.9%), while 
E. coli and P. aeruginosa had substantially higher fractions of active RSs with measurable 
transcription activity (52.0% and 83.8% respectively). In each species, expression levels spanned 
several orders of magnitude, indicating diverse transcriptional functionality across the library. 
Comparison of these expression profiles between species revealed four general groups: universally 
active (16.9%), differentially active in 2 of 3 species (33.3%), active in only 1 species (37.4%), or 
 18 
inactive in all 3 species (12.4%). In general, universally active regulatory sequences had lower GC 
content than the overall library (Figure 2.2b). Interestingly the converse is observed on the host 
side, with each organism’s capacity to utilize exogenous regulatory sequences appearing to 
correspond with increasing genomic GC content – P. aeruginosa (66% GC) activated the largest 
fraction of RSs, followed by E. coli (50% GC) and B. subtilis (42% GC). 
While closely related species might be expected to have regulatory systems that are more 
cross-compatible, this has not been systematically studied. We filtered the RS library 
phylogenetically for only donor sequences from Bacillaceae, Enterobacteracea, or 
Pseudomonaceae families and analyzed their activity in the three recipients. Interestingly, we 
identified distinct patterns of intra- versus inter-family transcriptional specificities (Figure 2.2c). 
B. subtilis could activate 47.7% of donor Bacillaceae regulatory sequences, but only 10.8% of 
Enterobacteracea and 3.2% of Pseudomonaceae RSs. E. coli and P. aeruginosa were better able 
to express foreign regulatory sequences, with each activating a larger fraction of all three donor 
RS families. Mined Bacillaceae sequences showed more broad range activity (>45% of sequences) 
in all three recipients and a higher mean expression level especially in non-Bacillaceae recipients 
(Figure 2.2c). In contrast, Pseudomonaceae sequences were generally not expressed in B. subtilis 
or only expressed at low levels in E. coli, highlighting stringent host-specificity of its regulatory 
signals.  
We further delineated the regulatory architecture of each sequence by identifying 
transcription start sites (TSSs) based on our targeted RNA-seq reads. Most TSSs fell between -20 
and -50 bp from the start codon (Suppl. Figure 2.S6), consistent with known native promoter 
architectures in many bacteria24-26. This dataset should improve efforts to model bacterial 
transcription and design new gene circuits. Together, these results highlight that prokaryotic 
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genomes are a rich reservoir for mining functional regulatory parts with diverse cross-species 
properties that can be systematically quantified using high-throughput library synthesis and 
transcriptional profiling. 
Since environmental and growth conditions induce changes in gene expression, we also 
explored the extent to which RS library activity is dependent on growth phase or environmental 
conditions experienced by the host. We measured RS library transcriptional activity in E. coli 
under five different growth and stress conditions (Suppl. Figure 2.S7). Many regulatory sequences 
(17.3%) exhibited universally high activity across all conditions, while others showed 
differentially moderate to low transcription activity (28.6 and 22.8% respectively). TSSs tended to 
be highly conserved across growth conditions (Suppl. Figures 2.S7-S8). To generate a set of 
regulatory sequences with robust untranslated regions (UTRs) and transcriptional activities across 
growth conditions in E. coli, we further filtered the RS library down to a list of 100 sequences with 
a wide range of transcription activity from only a single TSS (Suppl. Figure 2.S7d). We expect 
this robust RS sub-library to be a useful resource for circuit designs that will be deployed in diverse 
environments. The use of diverse sequences may also improve DNA assembly efficiencies of 
larger and more complex gene circuits27 as well as better maintain their evolutionary stability28. 
  
Predictive features of transcriptional activity  
To determine regulatory sequence features that govern transcription levels, we performed 
de novo motif finding using MEME29. For each host, the promoter library was divided into four 
groups based on their activity levels (Suppl. Figure 2.S9a). A common motif was enriched in high 
activity promoters in all recipients, which corresponded to the canonical binding motif for the 
 20 
housekeeping s70 factor (Figure 2.3a). Searches for additional motifs yielded only degenerate 
versions of the core s70 motif (Suppl. Figure 2.S9b,c).  
To develop a predictive model of transcription activity, we investigated three factors that 
could influence gene expression, promoter GC content, s70 binding affinity and 5’ mRNA 
stability. Promoter GC content indicates compositional preferences of sequence elements that 
could promote transcription. s70 is the dominant and most abundant s-factor and is responsible 
for transcription of a wide array of housekeeping genes30,31. Secondary structure of mRNA affects 
the rate of mRNA decay32,33, which combined with the transcription rate determines overall mRNA 
transcript levels. Each of the parameters are correlated with measured transcription activity of the 
regulatory sequence library (Figure 2.3b). Higher promoter GC content is anti-correlated with 
transcription activity, while a match to the s70 binding motif is positively-correlated with activity, 
as is lower RNA stability (i.e. higher DG folding energy). Controlling for these parameters 
independently showed that the s70 binding motif is most informative for assessing transcription 
activity (Suppl. Figure 2.S10). Integration of these parameters into a linear regression model 
generated a predictive power of 32%, 69%, and 54% for the variances of transcription activity in 
B. subtilis, E. coli and P. aeruginosa, respectively (Figure 2.3c). These results demonstrate that a 
simple model can explain a significant fraction of the variation observed in transcriptional activity 
within different hosts. 
 
Translational activity of RS library across hosts 
 While transcriptional activation in bacteria is mediated by transcription and sigma factor 
recruitment of the RNA polymerase complex, translational initiation is mediated by interactions 
between ribosomal subunits and the mRNA transcript. In silico modeling of factors that govern 
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ribosomal initiation have enabled the generation of predictive algorithms for bacterial translation 
rates28. However, the cross-compatibility of translation initiation sequences from different species 
has not been characterized. To tackle this challenge, we systematically quantified the amount of 
fluorescence generated from each regulatory sequence in our library in high-throughput across 
three recipients using FACS-Seq (Figure 2.4a)6,7. Across the recipients, we identified a shared set 
of 8,898 regulatory sequences that spanned nearly 3 orders of magnitude of fluorescence (Suppl. 
Figure 2.S11a), with 3.3% of the library (290 constructs) expressing GFP proteins in all species 
(Suppl. Figure 2.S11b). Examination of sequences in the region upstream of highly translated 
library members revealed enrichment of A and G bases centered near 10 bp upstream from the 
start codon (Suppl. Figure 2.S11c). 
 To probe the differential impact of transcription and translation requirements for gene 
expression across recipients and for different donor groups, we stratified the regulatory activation 
profile of the RS library across bins of transcription and translation levels (Figure 2.4b). Overall, 
higher transcriptional activity is associated with higher GFP levels, although translation rates 
varied widely even for highly transcribed regulatory sequences. Normalization over transcription 
or translation bins highlighted distinct patterns of regulatory specificities associated with RNA or 
protein generation. Regulatory sequences belonging to low transcription bins generally do not 
yield GFP signal, indicating that transcription is a key barrier in gene expression in these cases. 
While P. aeruginosa was able to transcribe a large fraction of the RS library (83%), only 9% of 
those RNA species ultimately yielded significant GFP fluorescence, which may reflect 
incompatibilities at the level of translation (Figure 2.4c). In contrast, of actively transcribed 
sequences, B. subtilis and E. coli were able to yield significant GFP levels in 20-30% of these 
RNA transcripts. Interestingly, RSs from Firmicutes species showed a high potential to be both 
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transcribed and translated in each host organism (Suppl. Figure 2.S12a). In contrast, while RSs 
from Proteobacteria species could be transcribed and translated in E. coli and P. aeruginosa, they 
were often either not transcriptionally active in B. subtilis or further translationally limited even 
for transcribed RNAs (Suppl. Figure 2.S12b). We additionally assessed the transcription activity 
and translation efficiency of 212 RSs that contained both active transcription and translation data 
across all species (Suppl. Figure 2.S13a). Translation efficiency of each RS was determined by 
normalizing its GFP level to its transcription level. We find that between recipients, only E. coli 
and P. aeruginosa showed significant correlations between regulatory sequences in terms of 
transcription levels and translation efficiencies. Finally, we predicted translation initiation 
efficiency of UTRs generated from each regulatory sequence using the RBS calculator v1.034 and 
found reasonable correlation between predicted values and experimental data (Suppl. Figure 
2.13b).  
Together, these results highlight that even if there are similar regulatory specificities at the 
transcription and translation levels between two species, both processes play distinct roles in 
functionalizing heterologous regulatory sequences with possible separate barriers to expression. 
Moreover, some species (e.g. B. subtilis) naturally possess highly restrictive transcriptional and/or 
translational requirements for gene expression, which suggests the possibility that these 
differential specificities across hosts could be exploited as pre-defined parameters to design 
genetic circuits for deployment in multi-species microbial communities.  
 
Expanding RS library characterization to other hosts 
 To further extend the characterization of the RS library, we selected 241 library members 
(RS241 library), cloned and introduced them into additional industrially useful hosts Salmonella 
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enterica35, Vibrio natriegens36 (both Gammaproteobacteria) and Corynebacterium glutamicum37 
(a gram-positive Actinobacteria). Multiplex measurements of RS241 in B. subtilis, E. coli, P. 
aeruginosa and these three new hosts exhibited activity spanned nearly 6 orders of magnitude for 
transcription and 3 orders of magnitude for translation (Suppl. Figures 2.S14). We observed 
differential compatibility of regulatory sequence performance for transcription and translation 
across phylogenetically diverse species (Suppl. Figure 2.15). These results highlight the utility of 
multiplexed measurements of small targeted libraries among organisms where large-scale 
characterization may be challenging.  
 
Programming species-selective gene expression patterns 
Engineering host-specific regulation enables the development of cross-species genetic 
programs that generate complex behavior in mixed communities. For example, a broad host-range 
transmissible plasmid can be designed to generate different pre-defined behaviors from the same 
DNA sequence depending on specificity to the host regulatory machinery (e.g. activation of 
function only in subset of species). Targeting sub-populations in a mixed consortium constitutes a 
powerful strategy for community-level microbiome engineering38-40. We explored the 
development of programmable “Species-selective Gene Circuits” (SsGC) that exploit natural host-
specificity of heterologous regulatory sequences in different bacteria. By leveraging the universal 
and orthogonal regulatory activation properties exhibited in our RS library, we built simple dual-
reporter that produced distinct fluorescence states depending on the recipient-context (Figure 
2.5a).  
We paired 12 regulatory sequences to drive a dual mCherry-GFP reporter construct in a 
broad host-range vector pNJ6.2, with each regulator independently controlling each fluorescent 
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protein. Each construct was introduced into three recipients (B. subtilis, E. coli, and P. aeruginosa) 
to characterize their host-dependent behaviors. Across 10 SsGC constructs (A-J), we demonstrated 
distinct states of the two reporters ranging from universal, host-specific, and host-excluding 
activation profiles across recipients (Figure 2.5b). Some SsGCs exhibited universal activation 
across all hosts in both reporters (constructs A-C) while others had universal activation for 
mCherry but not sfGFP for B. subtilis (constructs D-E). We also built SsGCs that demonstrated 
the ability to selectively exclude expression of one fluorescence protein in E. coli only but not the 
other species for both reporters (constructs F-I). Additionally, we showed a SsGC exhibiting 
universal activation of GFP while mCherry expression was limited only to P. aeruginosa 
(construct J), demonstrating the possibility to specifically express one gene in only a single defined 
species while other components are expressed more broadly across multiple species. These designs 
constitute a first step towards generating more complex functions that could be differentially 
activated across multiple species of a diverse microbial community towards engineering 
sophisticated community-level dynamics and behaviors.  
 
DISCUSSION  
Characterizing regulatory part performance across different host organisms and growth 
conditions is crucial for programming gene circuits of increasing sophistication and reliability. 
Here, we combined metagenomic mining, oligo library synthesis, and high-throughput 
characterization to measure transcriptional and translational activities of tens of thousands of 
natural regulatory sequences across up to six diverse bacterial species and under multiple growth 
conditions. We find substantial differences in the ability of each species to transcribe and translate 
exogenous regulatory sequences. For instance, P. aeruginosa was able to activate the largest 
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fraction of the library we tested, followed by E. coli, and B. subtilis. B. subtilis showed extremely 
limited transcriptional activation potential—a pattern that appears to be associated with the host 
species’ genomic GC content. We speculate that evolution towards different genomic GC contents 
may influence the capacity of gene expression machineries to utilize regulatory elements of 
varying sequence compositions. Importantly, we identified and annotated regulatory sequences 
with both universal and orthogonal host-ranges, which represent a rich resource for synthetic 
biology applications that rely on well-characterized components across different host 
backgrounds. Characterization of a subset of the RS library in C. glutamicum, V. natriegens, and 
S. enterica further enhances the utility of this resource for tuning gene expression across a wide 
range of activity levels in industrially relevant bacteria using a common set of regulatory 
sequences.  
To demonstrate the application of these universal and host-specific regulatory sequences, 
we built simple species-selective dual-reporters that have defined activity profiles across three 
bacterial species. We successfully demonstrated circuits where two proteins have independent host 
expression profiles of varying specificity. These demonstrations are a first step towards designing 
more complex cross-species constructs that exhibit pre-defined behaviors depending on the host 
species. Functionalizing gene circuits to specific species is a useful strategy for microbiome 
perturbations (e.g. deploying biosensors in specific species41 or eradicating pathogenic strains38,39 
by targeted toxin expression). We expect that further advances in gene delivery technologies for 
in situ microbiome engineering23 and strategies that leverage host regulatory differences will play 
key roles in controlling and maintaining synthetic circuit function and performance, especially 
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METHODS 
Bacterial strains and expression vector construction 
E. coli MegaX DH10B Electrocomp cells (ThermoFisher C640003) were used for all initial 
library cloning steps. Recipient test strains were Escherichia coli MG1655, Bacillus subtilis 
BD3182 (a 168 type strain derivative with Drok::kanR, Met-, Leu-, His- to improve transformation; 
courtesy of D. Dubnau), and Pseudomonas aeruginosa PAO1 (with Dpsy2 to remove pyocin S2 
autofluorescence; courtesy of A. Rasouly and S. Lory). V. natriegens 14048, C. glutamicum 13032, 
and S. enterica Typhi Ty2 were obtained from ATCC.  
Separate reporter plasmids were designed and constructed for each species pNJ1, pNJ2.1, 
pNJ3.1 using the backbones pZA11 (p15A ori, 11 copies / cell), pDG1662 (integration into amyE 
locus)42, and pJN105 (pBBR1 ori, 20 copies / cell)43 respectively. Unwanted restriction sites for 
PstI, EcoRI, and BamHI found outside of multi-cloning sites were removed by isothermal 
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assembly. An ATG-less sfGFP construct44 with upstream 5’ BamHI, spacer, PstI and downstream 
EcoRI was then cloned into each backbone in order to create the final reporter plasmids (Suppl. 
Figure 2.S3). The broad-host vector pNJ6.2 was generated by first introducing the entire amyE-L 
to amyE-R region of pNJ2.1 into pNJ3.1. Subsequently, a reverse direction mCherry gene was 
placed just upstream of the amyE-L arm (see Figure 2.5a). For small library experiments, pNJ7 
and pNJ8 were constructed from plasmids pACYC184 and pCES208 for V. natriegens and C. 
glutamicum respectively.  
 
Metagenomic regulatory sequence library design 
The 184 annotated and complete genomes were chosen from the Integrated Microbial 
Genomes Database45 to maximize representation of microbes across the tree of life and to include 
industrially or medically relevant representative species, which included 169 bacteria and 15 
archaea. For each genome, we identified all unidirectional intergenic regions (i.e. preceding and 
following genes on the same strand to avoid bidirectional elements) greater than 200 bp in size 
and extracted the 165 bp immediately upstream of annotated start codons. These sequences will 
be referred to as RSs for convenience. RSs containing BamHI, PstI, and EcoRI sites were filtered 
out. We randomly chose subsets of RSs from each species, yielding ~160 sequences per genome 
(Suppl. Figure 2.S1), which totaled a final library of 29,249 RSs. For each RS, we noted the COG 
category of the downstream gene being regulated, although no bias was introduced during random 
sub-selection of the RS sequences. We then added BamHI and PstI cut sites, a start codon, a unique 
12 bp barcode (Levenshtein distance of >2), and common amplification sequences to the RSs as 
shown in Figure 2.1. We randomly selected a subset of 4,778 RSs from the total library to encode 
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a different set of 12 bp barcodes as an internal control to assess the impact of barcode sequences 
on gene expression. In total, a 230 bp oligo pool containing 34,027 RSs was synthesized. 
 
Library synthesis, cloning, and transformation into diverse hosts 
  All enzymes were obtained from New England Biolabs unless specified otherwise. The 
metagenomic RS library was synthesized as a 1 pmol oligo mix by Agilent Technologies 
(Carlsbad, CA) using their oligo library synthesis (OLS) platform46. The oligo library was first 
amplified for 8 cycles to make a template stock (amp1). All subsequent amplifications used this 
template as input DNA to avoid freeze-thaw cycles of the original oligo library stock. We 
performed a second amplification step using 1 uL of purified amp1 template stock to obtain enough 
DNA of the library (amp2) for cloning by performing 8 parallel qPCR reactions that were stopped 
after the reaction exited exponential amplification phase (usually ~8-10 cycles). All reactions used 
Kapa SYBR Fast Mastermix and were performed on a CFX96 Touch Real-Time PCR machine 
(Bio-Rad). Amplified library DNA was purified, digested with BamHI and PstI and ligated into 
each plasmid backbone using T4 DNA Ligase. Ligations were transformed into E. coli MegaX 
DH10B electrocompetent cells (Life Technologies). A 10 µL aliquot of each electroporation 
recovery mixture was diluted and plated to determine the cloning efficiency and library coverage, 
while the remaining 990 uL was propagated through two subsequent liquid selections in 25 mL 
LB-Lennox (BD Biosciences)+50 µg/mL carbenicillin grown at 30ºC, 250 rpm overnight. All 
libraries were cloned with >50x coverage as determined by dividing the number of CFUs by the 
size of the designed library. Plasmid DNA was then extracted from library cultures using a Qiagen 
Midiprep kit for subsequent transformation into final the host strains. 
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Plasmid libraries were transformed into electrocompetent E. coli MG1655 by pelleting and 
washing a 100 mL mid-log phase culture with 10% glycerol at 4 ºC three times and suspending 
the final pellet in 100 µL. Plasmid library DNA (1ul, 50-100ng) was added to multiple 20 µL 
aliquots of competent cells and electroporated at 1.8kV using a BioRad Micropulser. The cultures 
were recovered in 1 mL SOC for 1 hour at 30 ºC, 250 rpm. We determined the library coverage 
by plating up to 1% of the transformed population on selective plates.  The remaining 99% of the 
transformation culture, post-1hr recovery, was passaged through two subsequent liquid selections 
in 25 mL LB-Lennox+50 µg/mL carbenicillin grown at 30 ºC, 250 rpm overnight to yield the final 
E. coli RS library. 
B. subtilis BD3182 was transformed by diluting an overnight culture 1:100 into 
competence media containing 1x Spizizen salts supplemented with 0.5% glucose, 0.02% casein 
hydrolysate, 0.1% yeast extract, 2.5 mM MgCl2 and 50 ug/mL of histidine, leucine, and 
methionine. The culture was grown until early stationary phase (4.5-5 hours) and then 5 mL was 
concentrated into 0.5 mL and incubated with 5 ug pNJ2.1 library DNA in a shaking incubator (250 
rpm, 37 ºC) for 1 hour. Up to 10 separate cultures were used and pooled during recovery to yield 
the RS library of >50x coverage. Transformants were selected overnight in LB+chloramphenicol 
(5ug/mL) to yield the final B. subtilis RS library culture.  
P. aeruginosa PAO1 was transformed by washing 10 mL of a library overnight culture 
twice with 300 mM sucrose at room temperature and performing the same final suspension, 
electroporation, and recovery as with E. coli MG1655. A single 1:50 selection was performed in 
LB Lennox+150 µg/mL carbenicillin at 30 ºC, 250 rpm, while taking care not to overgrow the 
culture and induce biofilm formation or stress responses. Glycerol stocks of all library cultures in 
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final host strains were made upon reaching stationary phase after liquid selection. These stocks 
were used for all subsequent experiments. 
 For RS241 library experiments, S. enterica was transformed using the same protocol used 
for E. coli. V. natriegens and C. glutamicum were transformed according to previously published 
work36,47.  
 
Library Growth, DNA-seq, and RNA-seq 
For each species, library overnight cultures were made from frozen stocks by diluting 1 
mL of thawed frozen stock into 25 mL LB Lennox+antibiotic and grown for 9 hours at 30 ºC, 250 
rpm.  A 1 mL aliquot of this culture was added to 200 mL of pre-warmed LB Lennox and grown 
(37 ºC, 250 rpm) to an OD600 of 0.3-0.4 and immediately cooled in an ice slurry. Four 50-mL 
aliquots were pelleted at 4 ºC and the supernatant was removed. Two pellets were resuspended in 
5 mL RNAprotect (Qiagen), incubated for 5 minutes at room temperature and repelleted prior to 
RNA isolation. An additional cell pellet was used for plasmid DNA extraction using a MidiPrep 
kit (Qiagen) or genomic DNA extraction (only B. subtilis, Epicentre MasterPure Gram Positive 
DNA Purification Kit).  
Total RNA was extracted using a Qiagen RNeasy Midi Kit for E. coli and P. aeruginosa 
and a modified chemical genomic DNA extraction kit (Epicentre) where the RNase digestion step 
was replaced with DNase digestion for B. subtilis. For E. coli alternative growth condition 
experiments (iron starvation, osmotic stress, minimal media), overnight cultures of the E. coli 
library were pelleted, washed once with PBS, and 1 mL was diluted into 200 mL of LB+200 uM 
2,2 dipyridyl (Sigma-Aldrich), LB+0.3 M NaCl, and M9 + glucose. For each condition, pellets 
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were frozen from cultures at OD600 0.3 except for stationary phase library, which was removed at 
OD600  2.  
For RNA-seq library preparation, ribosomal RNA was removed from 4.5 µg of total RNA 
using Ribo-Zero rRNA Magnetic Removal Kits for gram-negative and gram-positive bacteria 
(Epicentre). The isolated mRNA was then dephosphorylated using 5’ RNA Polyphosphatase 
(Epicentre) as follows: 
12 uL RNA from previous step 
2 uL 10x RNA 5’ Polyphosphatase Reaction Buffer 
0.5 uL RiboGuard RNase Inhibitor 
1 uL RNA 5’ Polyphosphatase (20 units) 
4.5 uL RNase-free water 
37 ºC for 30 minutes 
 
The reaction was then purified using a Qiagen RNeasy MinElute Kit. We then ligated a 5’ oligo 
(RNA_adaptor) to the monophosphorylated mRNA as follows: 
14 uL RNA from previous step 
2 uL 250 uM RNA adaptor 
2.5 uL 10x Ligase Buffer 
2 uL Epicentre T4 RNA Ligase (10 units) 
2 uL 10 mM ATP 
1 uL RiboGuard RNase Inhibitor 
1 uL DMSO 
22.5 ºC for 3 hours followed by a 10 minute deactivation at 65 ºC.  
 
Our RNA Adaptor contains two terminal N bases to reduce ligation bias48. Adaptor-ligated RNA 
was purified using a Qiagen RNeasy MinElute Kit. Selective reverse transcription was performed 
using an sfGFP primer as follows: 
0.2 uL 10 uM RT Primer 
12 uL RNA 
1 uL 10 mM dNTP mix 
65 ºC for 5 min then ice for 1 min 
The following components were then added to the PCR tube from the last step: 
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4 uL of 5x First-Strand Buffer (Invitrogen) 
1 uL 0.1 M DTT 
1 uL RNaseOUT (Invitrogen) 
1 uL SuperScript III Reverse Transcriptase (Invitrogen) (200 units) 
The reaction was mixed by gentle pipetting and incubated for 1 hr at 55 ºC and then inactivated at 
70 ºC for 15 min.  
To create sequencing libraries, either cDNA or plasmid DNA (or genomic DNA for B. 
subtilis) were amplified in a two-step PCR process using NEBNext High-Fidelity Master Mix with 
added SYBR (Life Technologies) to add adaptor sequences and indexes for Illumina sequencing. 
All primers used in this study are listed in Supplementary Materials of the associated publication. 
Amplification one used an equimolar mixture of four reverse primers (sfGFP_reverse_N3-N6) and 
vector-specific forward primers to obtain even base distributions during read one of sequencing. 
PCR reactions were cycled using a CFX96 Touch Real-Time PCR machine (Bio-Rad) until 
exponential amplification ceased. A second set of 6-8 qPCR cycles added indexes and Illumina P5 
and P7 adaptors for paired-end sequencing. Samples were sequenced on Illumina HiSeq and 
NextSeq platforms using 300 cycle reads (Paired-End). To validate the transcriptional activity of 
isolate strains, we performed qPCR on total cDNA extracted from mid-log phase cultures using 
primers specific to sfGFP and the reference gene ihfB using Kapa SYBR Fast qPCR master mix.  
 
FACS-seq experiments 
Two staggered library cultures were grown 1 hour apart following the same protocol for 
growth used for transcriptional analysis described in the previous section. A 50-mL aliquot was 
pelleted at 4 ºC, resuspended in 5 mL ice-cold 5 PBS.  Library cultures were sorted using a FACS 
Aria 2 (BD Biosciences) into 8 log-spaced bins based on GFP fluorescence (FITC-A) using two 
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consecutive sorts into 4 non-adjacent bins. Samples were kept at 4 ºC while sorting. The lowest 
bin corresponded to the range of fluorescence of a no-sfGFP negative control strain prior to sorting. 
For the first sort, cells were sorted into bins 1, 3, 5, and 7 until bin 1 (lowest) had ~5 million cells. 
For the second sort, cells were sorted into the remaining bins at the same rate for the same amount 
of time to ensure the number of cells sorted into each bin was proportional to the fraction of cells 
found in each fluorescence range in the original population. Sorted bins were grown in 10 mL 
LB+antibiotic overnight at 30 ºC. We then extracted plasmid DNA or genomic DNA from the 
sorted populations and amplified the RSs using the same two-step process as described in the 
previous section. Sequencing was performed on Illumina MiSeq, HiSeq and NextSeq platforms. 
The median fluorescence value of each bin was determined by diluting each of the sorted overnight 
cultures 1:200 in 3 mL LB Lennox, growing until OD600 of 0.3, pelleting, resuspending cells in 
chilled PBS and measuring sfGFP fluorescence (FITC-A) on a BD Fortessa flow cytometer. These 
median values were used to calculate protein levels as described in the next sections. Gene 
expression from isolate strains from each bin were verified for correspondence with FACS-seq 
measurements by diluting overnight 96 well plate cultures 1:200 and growing until OD600 ~0.3, 
cooling on ice, and then measuring sfGFP fluorescence (FITC-A) using the high throughput 
attachment of a BD Fortessa flow cytometer. 
 
Processing steps for analysis of next-generation sequencing reads 
 Using custom python scripts, we first mapped both RNA and DNA reads to designed RS 
sequences using its unique 12 bp barcode based on the Read 1.1 sequences. We then confirmed 
this mapping by aligning the Read 2.1 corresponding to each identified RS sequence to its 
reference sequence using custom R scripts with the Biostrings package. Mismatched Read 1 and 
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Read 2 assignments were removed from the dataset. We expect that the vast majority of removed 
reads belong to oligo constructs that had errors during library synthesis, which are mainly 
deletions. We used a scoring matrix to properly align reads to their reference sequencing whereby 
mismatches, gap openings, gap extensions, and unresolved bases received scores of -3, -3, 10-3, 
and 10-6, respectively. Perfect DNA reads align starting at position one in the reference and 
continue until the end of the read. Read 2 for RNA may begin at a variable position as this is 
indicative of the transcription start site within the construct. For RNA reads, the first two bases of 
Read 2 were trimmed off to account for the random bases in our RNA adaptor. After alignment, 
we filtered out reads containing errors in more than 4 bp from all analysis. Additionally, any RNA 
reads beginning upstream of the construct (originating from the vector) were filtered out. After all 
processing we found that 84, 97, and 75% of constructs had at least one read of DNA or RNA in 
B. subtilis, E. coli, and P. aeruginosa respectively.  
 
Quantifying transcription and translation levels 
Relative transcription levels for each construct (𝑇#)	was determined by the abundance RNA 
and DNA reads originating from each library member, according to the equation: 
𝑇# = 𝑅# ∑ 𝑅##)𝐷# ∑ 𝐷##)  
 
Ri and Di refer to the total number of RNA and DNA reads for a given library member (i). To make 
comparisons across each recipient organism, raw transcriptional values were normalized by the 
mean value of active (>0 RNA reads) constructs originating from that species included in the 
library (159 from B. subtilis, 231 from E. coli, and 268 from P. aeruginosa). We excluded 
constructs containing 0 DNA counts and also those whose RNA and DNA counts summed to less 
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than 15 for most analyses. However, for visualizations of the range of expression of the data we 
gave constructs with 0 RNA or DNA reads pseudo-values. For Figures 2A, 3A, and 4B data points 
with 0 DNA reads and >15 RNA reads (135, 373, and 172 constructs for B. subtilis, E. coli and P. 
aeruginosa respectively) were given pseudo-value for transcription representing the highest value 
in the range shown, as these are likely constructs that have fitness defects from high expression 
that have dropped to low abundance in the population. Constructs that were transcriptionally 
inactive (0 RNA counts, >15 DNA counts) were given a pseudo-value equal to the minimum value 
in the range shown.  
Translation activity calculations are based on established conventions for FACS-seq. In 
brief, protein levels for each construct were calculated by normalizing each construct’s abundance 
(𝐷#+) in each bin to the number of reads associated with that bin as well as the fraction of cells 
from the library sorted into it (𝑓+). This calculation (below) gives us the fractional abundance 
(𝑎#+)	of each construct in each bin: 
𝑎#+ = 𝑓+ ∙ 𝐷#+ ∑ 𝐷#+#/∑ 0𝑓+ ∙ 𝐷#+ ∑ 𝐷#+#/ 1+  
We then use a weighted average to calculate protein levels (𝑃#)	using fractional abundances and 
the mean fluorescence level of each bin (𝑚+)	obtained by flow cytometry after sorting and 
regrowth:  log(𝑃#) =8𝑎#+ ∙ log	(𝑚++ ) 
This calculation is based on log-normal FACS bins consistent with established conventions in the 
literature7,9,49. Lastly, the data was converted to linear scale and normalized to the minimum 
fluorescence value and multiplied by 10 so that expression could be compared across species.  
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Transcription start site determination 
 We identified the transcription start site (TSS) of active constructs by determining the start 
position of the alignment of read two with the reference sequence for each RNA read. The first 
two bases were trimmed in order to take account of the two random bases used for efficient adaptor 
ligation. The fraction of TSS calls that fell within +/- 5 bp of the median value was then determined. 
To identify instances of multiple TSS we developed an algorithm utilizing the kmeans function in 
R. Our algorithm starts with a seed of 6 clusters. The number of clusters is reduced by one if two 
clusters are found within 5bps of each other or if a cluster contains less than 10% of all reads. 
Cluster centers and number of clusters are returned at convergence.  
 
Determination of 5’end mRNA Structure stability. 
 
Free energy of 5’ end RNA structure was compute using FOLD function from 
RNAstructure package50. We defined 5’ end from TSS location up to 20 base pairs after translation 
initiation site. Only promoter classified as single TSS was used for this analysis. Single TSS 
promoters were defined as promoter om which greater than 80% of RNA reads lie within 5bps of 
TSS median. 
 
Regulatory motif discovery and analysis 
 The MEME package29 was used to identify regulatory motifs in our dataset. The motif 
presented in this analysis was obtained by selecting sequences that start 50 bp upstream to TSS up 
to the translation start site. A random set of 200 promoters of the 10% most expressed promoters 
was selected for motif finding. The FIMO algorithm was used to scan motif PWM and obtain 
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match scores in our library of promoters. A 4th order GC content background was used for both 
MEME and FIMO steps. 
 Hierarchical cluster was performed to identify recipient specific motifs. Only promoters 
with more than 15 total count (sum of RNA and DNA reads) were used for analysis. Expression 
was rescaled to interval from 0 to 1 in each recipient. The promoters were split in 10 clusters for 
motif finding. When masking for promoters with sigma70 motif, all promoters with a motif hit in 
E. coli background (motif p-value < 1e-3 ) were removed from analysis. 
 
Predicting activity from biophysical parameters 
We defined a linear regression model that consider sigma70 motif score, promoter GC 
content as well as 5’end mRNA stability to predict promoter activity. The -log10(p-value) was used 
to define motif sigma70 score between promoter and sigma70 binding. For promoters with more 
than a single motif hit, the maximum value was used as predictor of affinity. Promoters without 
any hit better than –log10(motifp-value)>3 was given a value of 2. Linear regression was predicted 
using function lm from R package stats. Only promoters classified as single TSS (over 80% of 
reads around median TSS), with at least 1 count for both RNA and DNA reads, and a total count 
(RNA+DNA) >15 were used in training and test sets. 
 
Translation efficiency prediction and determination 
We predicted the translation efficiency (or the translation initiation strength) of each 
member of the RS library using the published Ribosomal Binding Site (RBS) calculator Version 
1.0 code34 (https://github.com/hsalis/Ribosome-Binding-Site-Calculator-v1.0). Input sequences 
for the RBS calculator consisted of the mRNA sequence of each regulatory sequence (RS) starting 
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from the measured TSS position all the way through 50 bp into the GFP sequence (including the 
unique barcodes). For RSs with multiple measured TSSs, separate mRNA sequences were 
generated and predicted independently. A predicted total translation efficiency level for each RS 
was computed by summing all predicted RBS strengths for each of the mRNAs with alternative 
TSSs. Translation efficiency predictions were done for each recipient species using specified 16S 
rRNA anti-Shine-Dalgarno sequences (ACCTCCTTA for E. coli and P. aeruginosa; 
ACCTCCTTT for B. subtilis) on otherwise default parameters of the RBS calculator algorithm. 
The experimentally determined translation efficiency is calculated by taking the ratio of the 
measured transcription rate by the GFP protein levels for each RS. Comparison of in silico and 
experimental translation efficiencies was performed on highly transcribed RSs, corresponding to 
the highest top 15% transcribed sequences (Suppl. Figure 2.S11).  
 
Cross-species genetic circuits (CGC) construction and measurements 
Twelve RSs (1-12) were paired together to generate combinations of double bidirectional 
RS constructs (Figure 2.5a). Various RS pairs were synthesized and cloned into pNJ6.2 using 
PstI-HF and transformed into target strains such that mCherry and sfGFP were controlled by 
separate RSs separated by a terminator. Constructs were Sanger sequenced to check for synthesis 
errors and validate the correct cloning orientation. In all, 10 cross-species genetic circuit constructs 
(A-J) were characterized. Overnight cultures of strains harboring these CGCs were diluted 1:200 
and grown in a 96-well plate format in a BioTek H1 Synergy plate reader. Fluorescence values for 
sfGFP (excitation: 485 nm, emission: 528 nm) and mCherry (excitation: 580, emission: 610nm) 
were normalized by optical density at the time point closest to OD600 = 0.3 to determine reporter 
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Figure 2.1. Metagenomic mining and high-throughput characterization of regulatory sequences 
from 184 prokaryotic genomes. Unidirectional intergenic regions (>200 bp) were extracted from 
annotated genomes, trimmed to 165 bp, and assigned unique barcodes, flanking restriction sites, 
and amplification sequences. The regulatory library was then synthesized on an oligo microarray, 
amplified, cloned as a pool into species-specific vectors, and transformed into B. subtilis, E. coli, 
and P. aeruginosa recipients. Targeted RNA-seq, DNA-seq, and FACS-seq enables accurate 




Figure 2.2. Transcriptional activities of the regulatory library across 3 diverse species. (a) 
Transcriptional activity of 11,319 regulatory sequences measured in B. subtilis, E. coli, and P. 
aeruginosa are shown in the heatmap with host-specific groupings annotated above and general 
categories below. Transcription levels are log2 (RNA/DNA) ratios normalized by the mean activity 
of control sequences (see Methods). (b) Overlaid histograms of  GC content distributions for RS 
library and universally active subset, highlighting AT-bias of active RSs. (c) The activity profiles 
of RSs from three distinct phylogenetic groups (red: Bacillaceae, orange: Enterobacteriaceae, and 
blue: Pseudomonadaceae) measured in each recipient species are shown as fraction active (left) 
and normalized activity level displayed as a violin plot (right). Box plots (black) displaying the 
interquartile range (IQR) with median values (white dots) and whiskers extending to highest and 
lowest points within 1.5*IQR are displayed over each violin plot. Cases where donor RS and 
recipients share the same phylogeny are highlighted in dashed black borders.  Sample sizes (n) are 





Figure 2.3. Assessing regulatory features that govern transcriptional activity. (a) Distributions of 
transcriptional activity is shown for each host. A subset of 200 sequences from the top 10% most 
active promoters (red) in each recipient were used for separate motif analyses, yielding the 
dominant s70 motif. (b) Transcription activity is correlated with biophysical parameters: promoter 
GC content (left), maximum s70 match score (center), mRNA structural stability (right). Mean 
activities for each feature window are shown with error bars denoting standard errors. (c) Linear 
regression model using the three biophysical parameters. Excluding promoters used to identify the 
s70 motif, the training and test set for the regression model corresponds to 10% and 90% of the 
data, respectively. A subset of 500 points is displayed with higher point size to improve 




Figure 2.4. FACS-seq of RS library (a) Fluorescence distribution and FACS bin organization in 
GFP channel against allophycocyanin (APC-A) control (top) and the fraction of the population 
sorted into each bin for each host (bottom). (b) Heatmap panels show the fraction of RS library 
distributed across bins of transcription and translation levels in three recipients. The top row of 
each heatmap subpanels uses values normalized by the total number of regulatory sequences. The 
middle row uses values normalized by each column bin corresponding to transcription windows. 
The bottom row uses values normalized by each row bin corresponding to translation windows.  
(c) Pie charts showing fraction of RS library that are transcriptionally active (in orange) and with 




Figure 2.5. Species-selective Gene Circuits (a) Design of Species-selective Gene Circuits (SsGC) 
with specified host expression profiles using two outward facing regulatory sequences buffered by 
a strong bidirectional terminator to drive expression of two fluorescence genes, mCherry and sf-
GFP. The pNJ6.2 vector is transformable into B. subtilis, E. coli, and P. aeruginosa. (b) 
Combinatorial construction and fluorescence characterization of 12 host-specified regulatory 
sequences (Seq ID 1-12) into 10 SsGCs of different regulatory profiles in three recipient species 
are shown. Distinct regulatory categories include universally active (constructs A-C), B. subtilis-
excluding or E. coli-excluding in the GFP channel (constructs D-E or F-G, respectively), E. coli-
excluding in the mCherry channel (constructs H-I), and P. aeruginosa-specific in the mCherry 




Supplementary Figure 2.S1. Metadata of the 184 donor genomes used to derive the regulatory 
sequences used in this study. (a) genome size, (b) genomic GC content, (c) gram staining, (d) 
lifestyle, (e) number of regulatory sequences mined per genome, (f) the number of genomes per 
phylum, and (g) the 16S phylogenetic tree. 
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Supplementary Figure 2.S2. Vector designs. Vector maps for pNJ1, pNJ2.1, and pNJ3.1 used for 
expression measurements of metagenomic regulatory sequence library in E. coli, B. subtilis, and 
P. aeruginosa respectively and pNJ6.0, pNJ3.1, pNJ7 and pNJ8, which were used for small library 




Supplementary Figure 2.S3. Replication experiments to validate method performance. (a) 
Correlation of transcriptional measurements of RS library across two independent replicate 
cultures (>10 DNA counts across both replicates, n = 18,845) in E. coli performed on different 
days. (b) Correlation of transcriptional measurements of identical RSs with two different barcodes 





Supplementary Figure 2.S4. Validations of gene expression measurements. (a) Correlation of 
pooled RNA-seq measurements with individual RT-PCR data from isolate strains containing RS 
library members for three host species. (b) GFP fluorescence distributions of post-FACS RS 
library populations displayed as violin plots (n = 10,000 cells, mean value shown as horizontal 
bar). (c) Correlation of pooled FACS-seq measurements with individual flow cytometry 
measurements of isolate strains. Pearson correlation coefficients and sample sizes are listed for (r 




Supplementary Figure 2.S5. Alternative reporter experiments. Correlation between transcription 
(a) and translation (b) data measured using sfGFP and an alternate reporter mCherry. Sample sizes 




Supplementary Figure 2.S6. Transcription start sites in three species. Distribution of 
transcription start sites (TSSs) for active regulatory sequences containing one primary TSS with 
>70% of reads starting within +/- 5 bp. Most TSSs occur between 20-50 bp upstream of the start 




Supplementary Figure 2.S7. Alternative growth condition transcription data. (a) Transcription 
activity for 18,205 members of the RS library across multiple growth conditions in E. coli is 
clustered and shown as a heatmap. Transcription levels are log2 (RNA/DNA) ratios normalized by 
the mean activity of control sequences (see Methods). (b) Ranked TSS locations of each RS 
measured in E. coli during LB exponential phase are shown, along with the TSS distribution (top 
panel) and the frequency of multiple TSSs (inset) of the RS library. (c) Frequency of matching 
TSS positions for RSs in LB and M9 growth media. Pearson correlation of 1 signifies perfectly 
matched TSS between conditions and -1 denoting no or anti-correlation. Intermediate values 
denote partial TSS matching. Example RSs with high, moderate, and no correlation in TSS 
positions in LB and M9 are shown in the inset (n = 18,205). (d) A subset of 100 robust RSs with 
condition-invariant transcription levels of different strengths (top panel) generated from a single 




Supplementary Figure 2.S8. Comparing TSS data of regulatory sequences (RSs) across growth 
conditions in E. coli. (a) A histogram of the distribution of all 10 pairwise comparisons of TSS 
position of regulatory sequences measured in 5 growth conditions (LB exponential growth phase, 
LB-exp; LB exponential with iron depletion, LB-Fe; LB exponential with high salt, LB-NaCl; LB 
stationary phase, LB-stat; M9 minimal media exponential phase, M9-exp) is shown (n = 18,205). 
Perfectly matched TSSs in two conditions have a Pearson correlation of 1, while an un-matched 
pair of TSSs has a correlation of -1. (b) A histogram of the mean TSS correlations (Pearson r) of 
all RSs across all pairwise conditions show almost half of RSs have the same TSS across all 5 




Supplementary Figure 2.S9. De novo motif search. (a) Motif analysis of promoters binned by 
activity levels. The top two motifs identified by MEME for each recipient at the four activity bins 
(low, medium low, medium high, high) are shown. All motifs resembled the s70 motif or its 
degenerate versions. Statistically non-significant motifs are displayed in gray color. Additional 
MEME motif outputs are not shown since none were significantly different from s70-like motifs. 
(b) Transcriptional activity heatmap grouped by hierarchical clustering (n=395). Motif finding was 
performed to identify motifs across ten clusters. The corresponding motif for each cluster is 
indicated by colored circle. (c) Removal of regulatory sequences containing the s70 motif from 
the dataset and repeating the analysis performed in a did not reveal additional non-s70-like motifs 
(n=76). Statistically non-significant motifs (MEME E-value > 1e-2) are displayed in gray color in 





Supplementary Figure 2.S10. The s70 motif is the dominant factor governing transcriptional 
activity of horizontally acquired regulatory sequences. (a) Pearson correlation of transcriptional 
activity versus promoter GC content (%GC), RNA structural stability (DG RNA), best s70 match 
score (max(s70)) and number of s70 matches (n(s70)) are displayed per recipient species. (b) 
Partial correlation displays activity versus variable by controlling to the other variables. Sample 





Supplementary Figure 2.S11. Regulatory sequence translation levels determined by FACS-seq 
in B. subtilis, E. coli, and P. aeruginosa. (a) The distribution of GFP fluorescence values of the 
regulatory sequence library in each recipient. (b) Translational activity of 8,898 regulatory 
sequences with measurable GFP fluorescence data across all three recipients. (c) Analysis of 
ribosome binding site sequence motifs in highly translated constructs. Motif logos were 
constructed using WebLogo v3.5.0. The genomic GC content of each species was used for 




Supplementary Figure 2.S12. Protein expression from Firmicute and Proteobacterial regulatory 
sequences. Heatmap panels show the fraction of RS library distributed across bins of transcription 
and translation levels in three recipients (colored columns). Donor RSs from Firmicutes genomes 
are shown in (a) and from Proteobacteria genomes in (b). The top row of each heatmap subpanels 
use values normalized by the total number of regulatory sequences. The middle row use values 
normalized by each column bin corresponding to transcription windows. The bottom row use 
values normalized by each row bin corresponding to translation windows. Grey colored rows 




Supplementary Figure 2.S13. Cross species and in silico comparisons of gene expression levels. 
(a) Correlation of regulatory sequence activity in terms of transcription level and translation 
efficiency (calculated as the ratio of GFP protein levels and transcription levels) between recipient 
species. Each point corresponds to a single regulatory sequence that has measurable transcription 
and translation data. Pearson correlation coefficient (r) and statistical significance values (p) are 
shown for each subplot (n=212 for all six panels). (b) Correlation between calculated translation 
(TL) efficiency based on the RBS calculator and our measured translation efficiency across highly 
transcribed regulatory sequences (top 15%) in each recipient species (n = 581, 2276, and 2198 for 
B. subtilis, E. coli, and P. aeruginosa respectively). 
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Supplementary Figure 2.S14. Regulatory activity of RS241 library in six bacterial species. 
Regulatory sequences are sorted by activity (from high to low) per species by (a) transcription or 
(b) translation levels. Regulatory sequences are re-sorted by mean transcription levels (from low 
to high) across all species and plotted for (c) transcription and (d) translation levels. 
Transcriptional values were normalized with the highest expression construct having a value of 
106. Gray lines correspond to sequences where no data was available. Species names are 
abbreviated as: B. subtilis, B.s.; C. glutanicum, C.g.; P. aeruginosa, P.a.; V. natriegens, V.n.; S. 




Supplementary Figure 2.S15. Cross-species transcription and translation level correlations. (a) 
Pairwise Pearson correlation of transcription (blue triangle) and translation (green triangle) activity 
profiles of the RS241 library across six host species. Species are arranged based their 16S 
phylogenetic similarity. Numbers in each box correspond to the Pearson correlation coefficients 
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 Bacterial genomes vary widely in their GC contents, ranging from ~20-75%. This 
compositional diversity may pose challenges for the encoding of binding sites for regulatory 
proteins like transcription or sigma factors. The primary housekeeping regulator s70 has a 
consensus sequence primarily consisting of A/T bases in most phyla. In this study we use a 
combination of genomic analysis and high-throughput experimentation, to examine the encoding 
and recognition of s70 binding sites in 1545 bacterial genomes and in diverse natural regulatory 
sequences from a high-throughput reporter library experiment. We find that bacteria preferentially 
activate regulatory sequences of similar or lower GC contents than their background genomic 
context. We propose a model whereby low GC content species have evolved higher stringency in 
their recognition of the AT-rich s70 motif to avoid spurious transcription, while GC-rich species 
have a lower barrier for initiation of transcription because s70-like sequences are unlikely to occur 
by chance in their genomic background. We further explore the potential consequences of GC-





 Bacterial genomes vary widely in their base frequencies, ranging from as low as 20% GC 
content in endosymbiotic Buchnera species to nearly 75% in soil Actinobacteria1-3. While the 
evolutionary purpose of altering global genomic base composition remains unclear, recent studies 
suggest that the patterns of GC content observed in nature are the result of a combination of 
mutation bias and selection4,5. In order to control gene expression, regulatory proteins such as 
transcription and sigma factors must localize to short binding sites within the context of a multi-
megabase genome. These binding preferences may also be skewed in composition and can also 
involve DNA structural features6-9. Despite the potentially large constraints that GC content could 
exert upon cis-regulatory signal encoding, this relationship remains largely uncharacterized10.  
The primary housekeeping sigma factor (s70) is universally conserved across bacteria11,12 
and is responsible for directing RNA polymerase to a substantial fraction of genes in the genome, 
including those that are essential13,14. The consensus binding sequence for s70  is primarily 
composed of A/T bases (TATAAT, TTGACA for -10 and -35 subsequences respectively) and is 
thought to be conserved across most phyla15-17. Unlike alternative sigma factors18, s70 can initiate 
transcription from sequences that deviate significantly from the consensus19, enabling tuning of 
expression levels and allowing for the induction of promoters with weak baseline activity through 
the recruitment of additional activator transcription factors20. This property combined with the AT-
rich nature of the s70 motif may pose challenges for organisms with low GC content (e.g. 
Firmicutes, Fusobacteria) as they will need to distinguish true promoters from their background 
genome which may have a higher frequency of spurious promoter-like sequences. This dilemma 
suggests it may be necessary for bacteria to optimize their cis-regulation to their genomic 
background composition10. Furthermore, the prevalence of silencing proteins like H-NS, which 
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repress AT-rich horizontally-acquired DNA, provides further evidence that GC content plays an 
important role in transcriptional regulation and that it may influence horizontal gene transfer21.  
In this study, we used a combination of computational and experimental approaches to 
examine regulatory compatibility between bacterial species. Through the analysis of 1545 
genomes, we found that putative s70 binding sites are adapted to each organism’s genomic GC 
content. Then using high-throughput data from thousands of diverse regulatory sequences, we 
found that the contrast between regulatory sequence and host genomic GC contents governs the 
activation of heterologous promoter sequences. We show that this GC adaptation results in 
differential transcriptional capacity across hosts, which may have consequences for horizontal 
gene transfer between bacteria.  
 
Results 
Computational assessment of s70 binding sites across 1545 diverse genomes 
 To explore the relationship between GC content and s70 regulation, we first predicted 
binding sites in a set of 1545 genomes from all major bacterial phyla. We reasoned that organisms 
must find a way to distinguish signals for transcription initiation from their own background 
genomic context. Consistent with previous studies, genome size had a striking correlation with 
genome GC content (R=0.54), indicating an underlying relationship between GC content and 
genome structure (Figure 3.1a)21. We found that intergenic regions tended to be on average 3-
10% lower in GC content than genic regions across most phylogenetic groups (Figure 3.S1)6, 
highlighting the fact that bacteria must recognize initiate transcription in different compositional 
contexts. From each genome we first extracted all intergenic regions with non-convergent 
architectures for adjacent genes and used FIMO to identify putative s70 binding sites using a 
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position weight matrix derived from our previous modeling of transcription in E. coli in Chapter 
2 (see Methods). It should be noted that de novo motif discovery within highly active promoters 
in three distinct species yielded the same consensus motif, hence our decision to use just the E. 
coli motif for this in silico analysis. The maximum s70 motif –log10(p-value) was taken as the 
motif score for each intergenic region. The mean score of all putative s70 binding sites from for 
each genome was strongly negatively correlated with genomic GC content (Figure 3.1b) when 
calculated using uniform nucleotide probabilities. However, the average scores were relatively 
uniform when the motif scan is corrected for each organism’s GC content (Fig. 3.1c), underscoring 
the importance of considering background composition when assessing putative s70 binding 
sites22.  
In order to assess conservation of the canonical s70 motif across bacterial phylogenetic 
groups, we computed the score of s70 hits in natural and shuffled non-convergent intergenic 
regions from the set of representative genomes. We calculated the z-score based on the difference 
between the expected score observed in natural and shuffled sequences re-scaled according to the 
standard error from natural sequences. s70 usage was examined using the entire set of intergenic 
regions as well as the subset associated with housekeeping genes of COG categories J (translation) 
and K (transcription) (Figure 3.1d-e). This approach provided evidence for significant s70 motif 
usage in 1303 out of 1545 organisms with FDR < 0.01. The majority of cases (1171) have 
intergenic regions significantly enriched in canonical s70 matches and fewer organisms (132) 
showed depleted signal for s70 matches. While most phyla were predicted to have high s70 usage, 
interestingly, groups such as the FCB superphylum, which contains groups like the Bacteroidetes, 
had fewer genomes predicted to have canonical s70 matches (Figure 3.1f), consistent with recent 
studies showing the use of alternative transcription initiation sequences in these organisms23. These 
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findings indicate widespread conservation and GC-adaptation of the canonical s70 motif in most 
bacteria. 
 
Activation of heterologous regulatory DNA and host GC content. 
 While endogenous regulatory regions are adapted to the host’s genomic composition,  
horizontally-acquired DNA may not be. Given the apparent GC-adaptation of the s70 binding 
sequence in whole genome sequences, we sought to examine how regulatory sequences from 
diverse genomes would be activated in phylogenetically and compositionally distinct recipients.  
In Chapter 2 I described a high-throughput synthetic library approach for experimentally 
measuring the transcription activities of thousands of natural regulatory sequences (RSs) in diverse 
bacteria24. We supplemented this previously described library with RSs associated with putative 
HGT events (3,818 sequences)25, antibiotic resistance genes (1,047 sequences)26, virulence factors 
(336 sequences)27, and also from plasmids and phage genomes (2,518 sequences) and 
experimentally examined the relationship between regulatory sequence composition and host GC 
in the context of transcriptional activation.  
We measured the transcriptional activities of our regulatory sequence libraries in the same 
hosts (Bacillus subtilis: 43% GC, Escherichia coli: 51% GC, and Pseudomonas aeruginosa: 67% 
GC) using the methods described in the previous chapter. Importantly, we normalized each 
recipient’s transcriptional profiles by the mean activity level of endogenous RSs from genomes in 
the same genus that we included in the library to serve as a point of reference for all comparisons 
(see Methods). We first sought to examine patterns of transcriptional activity across donor RSs 
across phylogenetic space by calculating the mean transcriptional activity from all sequences 
donated from our 184 organisms within each recipient (Figure 3.2). We found that each species 
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preferentially activated sequences from donor organisms of similar or lower GC content. As a 
result, species varied in terms of the fraction of the library they could activate (Figure 3.S2).  For 
B. subtilis, our lowest GC host, only sequences from other Firmicutes and low GC organisms were 
more highly expressed than the average Bacillus RS. Conversely, the majority of RS library donor 
organisms are lower GC than P. aeruginosa and as a result, their RSs are more highly expressed, 
than the average Pseudomonas RS. Interestingly, P. aeruginosa, which has a pathogenic lifestyle, 
activated RSs from plasmids, phage genomes, and from those mined from virulence and antibiotic 
resistance genes at high levels (Figure 3.2). 
  
Comparison of RS library transcription start sites across hosts 
We next sought to examine positional patterns of transcription initiation in our library 
sequences across hosts. Our library sequencing strategy amplifies whole UTRs, including 5’ ends. 
By aligning RNA-seq reads associated with each barcoded mRNA to their designed sequences, we 
can systematically determine the transcription start sites (TSSs) of each RS at single-nucleotide 
resolution (Figure 3.3a, see Methods). In the previous chapter we focused on dominant TSSs, 
however upon further examination, we find that transcription initiation can occur from multiple 
distinct TSS locations with each RS (Figure 3.3b). Indeed, our library contained a surprisingly 
high number of RSs with more than one measurable TSS, and interestingly, the number of such 
multiple TSS RSs varied depending on the recipient, with B. subtilis having the fewest and P. 
aeruginosa having the highest (Figure 3.3c). The increased utilization of multiple TSSs in 
recipients with higher GC content indicates that organisms like E. coli or P. aeruginosa may 
recognize regulatory signals that are invisible to low GC species like B. subtilis.  
 69 
We further evaluated whether transcription initiation occurs from at the same site or from 
different positions in each recipient. We selected RSs expressed in the three recipients and 
classified the ones with the same TSS in all recipients as having universally conserved TSS, those 
with shared TSS in two recipients and distinct TSS in one recipient as semi-conserved TSS, and 
those with distinct TSS in all three recipients as unique non-conserved TSS. For promoters with a 
single identified TSS, 93% were universally conserved across all three recipients, while the rest 
showed varying degrees of conservation or recipient specificity (4.1% P. aeruginosa-specific, 
0.2% E. coli-specific, and 2.2% B. subtilis-specific, 0.4% unique in all three species) (Figure 
3.3d). RSs with multiple TSSs also showed similarly high levels of universal conservation across 
all unique TSS positions in each RS across recipients (Figure 3.3e), suggesting that the majority 
of universally-active sequences share common regulatory signals. Finally, we find that for each 
RS, the position with the best matched s70 motif is highly predictive of the measured TSS location 
(Suppl. Figure S3.3), corroborating the main role of s70 for transcriptional activation of foreign 
regulatory DNA.  
 
Phylogenetic influences on regulatory sequence function 
In the previous chapter we showed that three parameters: promoter GC content, s70 motif 
score and 5’ mRNA structural stability are key to predict expression magnitude in HGT acquired 
genes24. Transcription initiation may also be influenced by regulatory network parameters that 
were not incorporated in our initial model including complex signatures that are challenging to 
identify using de novo motif finding algorithms. We first sought to see if we could improve 
predictions using known regulatory binding sites from the E. coli regulatory network database 
regulonDB7. Our model was trained using stepwise model selection based on AIC criteria and 
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evaluated via cross-validation. However, the inclusion of RegulonDB motifs did not improve the 
baseline model (Suppl. Figure 3.S4). We also investigated whether phylogenetic distances 
between donors and recipients may carry an underlying signal for regulatory compatibility that 
could be conserved during evolution and observed no significant improvement in our model 
(Figure 3.S5d). However, the phylogenetic origin of the RSs grouped at genus level showed some 
improvement compared to baseline model (Suppl Fig 3.S5a-c). Overall, the results are consistent 
with our previous finding that s70 is the governing variable for transcriptional activation of 
heterologous DNA by the endogenous regulatory machinery and indicates that there may be 
phylogeny-related signatures within the donor DNA that remain to be characterized. 
 
Stringency in s70-mediated transcription initiation 
Next, we sought to mechanistically explain the differences in transcription observed 
between species. We reasoned that because AT-rich organisms like B. subtilis have high 
background rates of s70-like sequences (Suppl Fig 3.S6), they may require higher stringency in 
their binding sites to avoid spurious transcription within coding regions. On the other hand, high 
GC organisms may have more lax binding requirements as they are unlikely to have AT-rich motifs 
resembling s70 sites in their genomes. Indeed, the relationship between s70 motif strength and 
GC content is consistent with our hypothesis in both simulated random sequences of varying GC 
content (Figure 3.4a) as well as the natural sequences within our regulatory element library 
(Figure 3.4b). We also used the same reporter plasmid to examine degenerate libraries of varying 
GC contents (33-67%) and found that P. aeruginosa and to a lesser extent E. coli could activate 
random low-GC DNA while B. subtilis could not (Suppl Fig 3.8). These results are consistent 
with our observation that the capacity to activate diverse regulatory sequences is associated with 
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a recipient’s genomic GC content (Figure 3.5a). Strong s70 motifs are likely to occur frequently 
in low GC promoters, but even weaker sites may be sufficient for initiation in higher GC recipients 
(Figure 3.5 b,c, Suppl Fig 3.S7 a-d).  
A potential reason for the observed differences in transcription start site usage between 
organisms (Figure 3.3c) is that additional latent s70 meet the minimum binding requirements for 
initiation in higher GC content organisms. Figure 3.5d displays predicted s70 binding sites across 
the entire length of two regulatory sequences with GC contents of 50 and 36% using a common 
significance cutoff and background correction for the recipient organism’s GC content. Both 
sequences were active in all three organisms. In each, P. aeruginosa had additional predicted 
binding sites beyond the one shared by all species, while in E. coli they could be found for the 
36% GC sequences. Importantly, experimentally determined TSSs could be found downstream of 
these additional signals, indicating that they are true s70 binding sites. Indeed, the likelihood of a 
RS having multiple TSSs is higher for sequences with lower GC content in all species, although 
the effect is most pronounced in the higher GC recipients (Figure 3.5e,f, Suppl Fig 3.S7). 
Together, these results confirm that the contrast between donor promoters and recipient genomic 
GC contents is a key determinant of regulatory compatibility between different bacterial species 
and that high-GC hosts are more promiscuous in their ability to activate phylogenetically and 




 Here, through a combination of computational and experimental approaches, we provide 
evidence for the adaptation of the core bacterial regulator s70 to genomic GC content. We first 
showed the importance of background correction when analyzing s70 motif signals by examining 
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a set of 1545 microbial genomes. We then systematically characterized s70-mediated 
transcriptional activation from compositionally and phylogenetically diverse regulatory sequences 
using measurements from a high-throughput reporter assay. We observed that while most RSs 
share a primary TSS across different recipients, high GC recipients often initiate transcription from 
additional latent s70 sites that are inactive in lower GC organisms. Low GC content RSs tended 
to be broadly active across hosts while high GC content recipients showed had the capacity to 
activate a broader range of RSs. These trends can be explained by a model where activation of 
promoters depends on the strength of AT-rich s70 binding sites relative to the background GC 
contents of bacterial genomes (Suppl Fig 3.S9). Interestingly, TSS profiling in diverse bacterial 
species has recently revealed a s70 motif with fewer conserved bases in the GC-rich Streptomyces 
coelicolor compared to the Firmicute Clostridium phytofermentans which had highly enriched -10 
and -35 sequences28,29. A study of promoters from GC-rich Rhizobium etli revealed another highly 
degenerate s70 consensus sequence and it was experimentally shown that these sequences could 
be bound by the endogenous s70 but not by the E.coli RNAP holoenzyme. In another study that 
aimed to develop characterized promoters for engineering AT-rich Clostridium acetobutylicum, 
mutagenizing a strong native promoter with random bases surrounding the -10 and -35 sequences 
created a library that displayed a wide range of activity levels in E. coli but not in the target host. 
In this case, active promoters could only be made biasing the mutagenesis with a higher probability 
of A/T bases found in the original sequence, indicating a preference for lower GC content within 
its regulatory regions. We expect that further genomic and synthetic biology studies in diverse 
organisms will reveal more details about the mechanism proposed in this study. 
 The evolution of regulatory stringency has implications for our understanding of horizontal 
gene transfer. Many bacteria have genes encoding for H-NS proteins which transcriptionally 
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silence horizontally acquired AT-rich DNA18. These mechanisms may allow organisms to avoid 
burdensome gene expression while still reaping the fitness benefits of genes acquired from 
genomes of lower GC content21,30,31. Interestingly, studies using genomic and metagenomic 
fragment libraries have noted a strong bias against AT-rich sequences and organisms, which in 
some cases have been attributed to transcriptional burden associated with the cloned insert32,33. 
The apparent absence of H-NS genes in AT-rich bacteria and the lack of known mechanisms for 
regulating GC-rich DNA suggests that s70 plays a key role in the functionalization of horizontally 
acquired genetic material21. The increased s70 stringency in AT-rich organisms may make them 
unable to express and gain fitness benefits from genes acquired from high GC organisms unless 
further mutations enable transcriptional activation (Suppl Fig 3.S10)34,35. We further suspect that 
the downstream effects of our proposed mechanism may be observable through bioinformatic 
analysis of transfer rates and directionality within horizontal gene transfer networks25.  
 Better understanding of s70 GC adaptation of may also help inform genetic circuit design 
in synthetic biology. Like horizontal gene transfer, the practice of constructing new genetic 
systems with components from diverse organisms may introduce sequences with compositional 
differences that are maladaptive in the context of a new hosts transcriptional machinery. Indeed, 
synonymously recoding genes to a higher AT-content generally reduces the fitness of the host 
organism in synthetic studies5. Commonly used genes from low GC organisms such as S. pyogenes 
Cas9 (gene GC% ~35%) have been observed to have deleterious effects on host fitness36, which 
in may partly be a result of transcriptional burden. 
 Lastly, we expect that further use of high-throughput experimental approaches will enable 
deeper characterization of s70 stringency across bacterial species. Random and rational 
mutagenesis studies have enabled biophysical characterization of regulatory sequences at the 
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single-nucleotide level37,38. Studies using de novo promoter design have enabled more precise 
modeling of how specific promoter sequence features interact to produce observed transcriptional 
levels39. A combination of these approaches could be applied to study s70 stringency. Saturation 
mutagenesis of -10, -35, spacers, and UP-element sequences followed by multi-species 
characterization may help identify the features that contribute most to the patterns observed in this 
study40,41. Additionally, the design of large libraries of rationally designed promoter sequences, 
with tunable composition at many sites, will allow for the examination of transcriptional activation 
within sequences beyond what exists in nature. Ultimately, we expect that further studies in this 
area will help create more accurate models of transcription for divers bacteria that will be useful 
for both basic and applied purposes. 
 
Methods 
Analysis of sigma70 motif in diverse genomes 
We downloaded the entire set of 1545 representative complete bacterial genomes from NCBI and 
reannotated them using Prokka42. We annotated functional categories using Diamond and the COG 
database43. From these genomes we extracted all intergenic regions for motif analysis, excluding 
intergenic regions between converging genes and also those shorter than  100bp. For details on 
motif scoring analysis refer to the “Regulatory motif discovery and analysis” section in these 
Methods.  
 
Design and characterization of regulatory sequence library 
All library design, construction, and measurement were performed as described in previous 
studies44. We constructed six libraries of regulatory sequences by mining intergenic sequences 
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from bacterial genomes24, known horizontally transferred genes25 (n=3,818), antibiotic resistance 
genes26 (n=1,047), virulence factors27 (n=336), as well as from plasmids and phage genomes45 
(2,518). Regulatory sequences were extracted from regions immediately upstream of annotated 
open reading frames (165 bp), synthesized with unique barcodes using oligo library synthesis46 
and cloned into species-specific vectors upstream of superfolding GFP. Targeted RNA sequencing 
was performed by ligating an RNA adapter to the 5’ of mRNA transcripts and performing gene 
specific reverse transcription and PCR to amplify whole 5’ UTRs and barcodes. DNA amplicon 
sequencing was performed using primers up and downstream of cloned library sequences to 
quantify construct abundances for normalization purposes. All sequencing was performed using 
the Illumina HiSeq platform. Read analysis, processing and mapping was performed as described 
in the previous chapter.   
 
Design and generation of random regulatory sequence libraries 
Five 140 bp degenerate DNA sequences were designed to have average GC contents of 
33.33%, 41.66%, 50%, 58.33%, and 66%. A flanking ribosome binding site, start codon, barcodes 
and restriction site were added to each sequence design, which were then commercially 
synthesized (Integrated DNA Technologies, Inc.) as Ultramer oligos. 2 uL of each 200 uM oligo 
stock as converted to double-stranded DNA by performing a single round of primer extension. 
Libraries were then cloned into pNJ6.1, which is combined shuttle vector of pNJ2.1 and pNJ3.1 
that is able to replicate in E. coli and P. aeruginosa and integrate into the amyE locus of B. subtilis. 
The random plasmid libraries were individually transformed into E. coli DH10B Mega X 
(Invitrogen) at high coverage and then transformed into each target species. Libraries were grown 
to mid-exponential phase in 3 mL LB, pelleted and resuspended in PBS. Each population’s GFP 
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fluorescence distribution was examined using a BD Fortessa flow cytometer using the FITC-A 
channel.  
 
Computing transcription activity levels 
 Transcription level of a promoter i depends on the rate of RNA molecules produced per 
DNA molecule (ri) minus the rate of RNA degradation (ki). Let NR,i and ND,i indicate the number 
of RNA and DNA molecules corresponding to a promoter i, the production of RNA over time is 
described by the following equation: dN;,=dt = r=N@,=-k=N;,= (1) 
At steady state, BCD,EBF = 0 ⇒ N;,= = θ=N@,=, where θ= indicates the apparent transcription level and 
is defined as θ= = JEKE .  
The apparent transcription levels can be estimated by sequencing RNA and DNA 
abundance, according to the following equation: 
θ= = c ∙ R= ∑ R==)D= ∑ D==)  
(2) 
The parameters Ri and Di correspond to number of RNA and DNA reads for promoter i, 
respectively. The parameter c is a normalizing constant that depends on the relative abundance of 
RNA and DNA molecules in the sample and is independent of i. Transforming Equation 2 to log-
scale provides: L= = log(c) + log(R=) - log 08R== 1 - log(D=) + log08D== 1 (3) 
For practical purpose, a pseudo-count of 0.1 was added to the values of Ri and Di. This 
pseudo-count assures a numeric value for cases with 0 count and causes a maximum discrepancy 
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relative to the expected activity of less than 4% for informative promoters with an average 
discrepancy less than 1% for the entire dataset.  
In this study, we are interested in assessing transcription activity relative to endogenous 
levels. To assess relative transcription levels, let var(L)STUV and < L >STUV represent variance and 
mean activity of endogenous promoters, the transcription activity relative to endogenous level is 
thus defined as:  
A= = L=- < L >STUVZvar(L)STUV  (4) 
The term Ai is the endogenous-normalized transcription activity utilized throughout the study. The 
parameters < L >STUV and var(L)STUV are computed from the promoters in our library that belongs 
to the same genus of the recipient organism. 
 
Assessing confidence interval of transcription activity levels 
 The number of RNA and DNA counts for a promoter follows a Poisson distribution with 
parameters equal to the observed number of the corresponding reads. Those distributions can be 
used to obtain a 95% confidence interval for the expression levels (Equation 3). Let Z = log(X) – 
log(Y), where X and Y follow a Poisson distribution with parameters lx and ly, respectively. Since 
the logarithm of zero is undefined, we thus define the probability of Z in cases of X=0 or Y=0, as 
following: 
⎩⎨
⎧ P(Z → -∞) = P(X = 0) ∙ P(Y > 0)P(Z → ∞) = P(X > 0) ∙ P(Y = 0)P(ZdeBTV=eTB) = P(X = 0) ∙ P(Y = 0)P(-∞ < Z < ∞) = P(X > 0) ∙ P(Y > 0) 
(5) 
For our analysis, we assume P(ZdeBTV=eTB) → 0 and can be ignored. This is true for large values of 
(lx + ly) (note that P(ZdeBTV=eTB) = e-(ghigj)).  
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We are interested in the 95% interval [Zmin:Zmax] that contains Z. Formally:  Zk=e = argmaxn(P(Z ≤ z) < 0.025) (6) 
and Zktu = argminn(P(Z ≥ z) < 0.025) (7) 
In practice, we computed p(Z) for a representative subset of X and Y that guarantees an 
error in probability less than an arbitrarily small 2×e. We sampled points in X in an interval with 
probability 1-e and included the value x=0. Formally, we defined XStkyUTB = {x	 ∈ X|x = 0	 ∨xk=e ≤ x ≤ xktu}, where xmin= argmaxx (P(X£x)£e/2) and xmax=argminx (P(X³x)£e/2). The 
probability for xmin and xmax was redefined as P(0<x≤xmin) and P(xmax³x), respectively. This 
definition assures that Xsampled approximates the distribution of X with error for P(xmin) and P(xmax) 
less than e/2 and ∑ P(x)u	=e	 = 1. The same approach was applied to define Ysampled. The 
probability distribution of Z is computed according to Xsampled and Ysampled and used to compute Zmin 
and Zmax. 
In addition, we created a reference table that stores the distance of confidence interval 
values to its mean for all pair of combinations of the parameters lx and ly in the set S ={0.1,1,2,… ,10, 15, 20, 40,50, 100, 200, 5000, 1000,5000}. The bottom and upper distance of the 
confidence to its mean decreases monotonically with increase in either lx or ly (Suppl Fig 3.S11). 
This reference table of confidence interval can approximate Zmin and Zmax for any pair of lx and ly 
and reduce the computational burden to a single round of the combination of data points in the set 
S. All other confidence interval is inferred from the stored table. 
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The confidence interval for the activity level of a promoter i is computed by adapting 
Equations 6 and 7 to Equation 3. The parameters lx and l y are defined as the number of RNA and 
DNA reads corresponding to promoter i, added by a pseudocount of 0.1.  
 
Assessing statistically informative promoter measurements 
 The confidence interval defined previously is critical to identify statistically informative 
data points. We cannot claim with precision the activity level of a data point that shows no RNA 
and very high DNA count. However, we can claim with high confidence that this data point lies 
below a certain threshold according to the upper limit of its confidence interval. Similarly, we can 
claim that a promoter lies above a threshold according to the bottom limit of its confidence interval 
for cases with no DNA and high RNA counts. Also, the confidence interval of promoters with low 
RNA and DNA counts may span a wide range of transcription activity and thus should be 
discarded. In short, promoters are classified as informative when the confidence interval of their 
transcription activity is narrow or the upper (or bottom) limit can assure they are in very low (or 
very high) end of endogenous activity distribution. Formally, let i be a promoter with 95% activity 
in the interval [Li,min;Li,max]. Let q0.30, q0.70, and sself be the 30%, 70% quantiles and the standard 
deviation of the distribution of endogenous promoters (taken from our library). We designate that 
a data point is informative if it is consistent with at least one of the following statement: 
 L=,ktu < q.L=,k=e > q.L=,ktu-L=,k=e < 1.34 ∙ σSTUV (8) 
The value 1.34 is approximately the difference between quantile 75% and 25% in a normal 
distribution and guarantees that the interval Li,max -Li,min spans less than 50% of the distribution of 
endogenous promoters. The distribution of endogenous promoters was obtained from promoters 
 80 
whose donor strain is of the same genus as the recipient organism. We concluded that a total count 
(RNA + DNA) greater than 15 is an approximate threshold to describe informative promoters 
(Suppl Fig S11c-d). 
 
Determination of transcription start sites (TSS) 
 TSS location is obtained from the start position of a regulatory sequence that is aligned to 
R2 RNA reads. A k-mean algorithm was developed to extract TSS locations from the TSS 
distribution for each promoter. The algorithm starts with a pre-defined large limit for the number 
of possible TSS clusters and applies the kmeans()  function from R package. The algorithm is 
reiterated until the distance between any two clusters is greater than 5-bp and any cluster contains 
at least 10% of the points of the TSS distribution. At each iteration, the number of TSS clusters is 
reduced by 1. The TSS locations for each promoter is defined as the set of TSS clusters returned 
after convergence.  
 Comparison of TSS locations among distinct recipients consider only promoters that 
contain at least 10 RNA counts in each recipient. For comparisons that considers only promoters 
with single TSS, TSS within 5 bp of each other is assumed to be at the same location. For 
comparisons that include promoters with multiple TSS, recipients are considered to share TSS 
locations if any possible TSS pair is within 5 bp.  
 
Regulatory motif discovery and analysis 
 The MEME package47 was used to identify regulatory motifs in our dataset. The s70 motif 
was obtained from the top 10% most active sequences in E. coli from the synthetic library of 
regulatory compatibility previously characterized24 and supplemented by regulatory sequences 
from mobile elements provided by this work. This analysis selected sequences that start 50 bp 
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upstream to TSS up to the translation start site. The FIMO algorithm was used to scan motif 
position weight matrix (PWM) and obtain match scores in our library of promoters. The E. coli 
GC content (51%) was used for fixed background for analysis in the representative set of genomes. 
Shuffled intergenic regions represent a random rearrangement of natural intergenic regions. 
 
Linear regression model to predict transcription activity levels 
 We performed linear regression to predict the observed transcription activity levels of the 
synthetic library of regulatory elements undergoing HGT. Function stepAIC from R package 
MASS was used to perform model selection with direction parameter “both”. This function uses 
AIC criteria for model selection and performs stepwise search by adding or removing a parameter 
from the set of possible explanatory variables. We tested three possible regression models. The 
default set of parameters is { GCpromoter, ∆GmRNA, s70best}24. GCpromoter represents promoter GC 
content, ∆GmRNA represents mRNA secondary structure stability from 5’ edge up to 20th bp after 
translation start site and was computed using FOLD function from the RNAstructure algorithm48. 
The parameter s70best represents the best –log10(pvalue) from s70 motif hits scanned by FIMO 
algorithm using the recipient GC content for background correction. Regulatory sequences without 
any hit better than –log10(p)=3 were given a minimum value of 2.  
 We supplemented the default model with motif score of transcription factors collected from 
the regulonDB7 as well as with the genus information from which the regulatory elements comes 
from. The binding site annotation for each transcription factor from RegulonDB was used to 
compute motif PWM de novo using MEME. FIMO was used to scan for motif hits in the library 
of regulatory elements. The score for each motif was defined to be the maximum value of –log10(p-
value) of FIMO hits. 10-fold cross validation was used to evaluate model performance after 
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Figure 3.1. GC adaptation in s70 binding sites across 1545 genomes. (a) GC content versus 
genome size. (b-c) The signal for s70 motif must be corrected by background GC content. A 
strong bias in s70 motif score and GC content occurs when motif is scanned using a uniform base 
distribution (b), but this bias is corrected when scores are corrected by genome GC content (c). (d-
f) Evidence of significant s70 motif usage is observed in the majority of microorganisms when 
scanning all intergenic regions (d) and the subset that is associated with a genes in COG categories 





Figure 3.2: Phylogenetic trends in heterologous regulatory sequence activation. Transcription 
activity of a library of 36,968 regulatory sequence from diverse genomes (left panel) and mobile 
DNA (right panel) are shown across the three distinct recipients measured.  Higher transcription 
is generally observed in Pseudomonas aeruginosa compared to Escherichia coli and Bacillus 
subtilis. The donor phylogeny or library type is represented on the top. Error bars are two standard 
errors from the mean. 
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Figure 3.3. Identification of transcription start sites and quantifying their conservation across 
diverse hosts (a) TSS locations can be computed by aligning RNA-seq reads to their reference 
promoters. (b) Examining read distributions enables identification of promoters with single (top) 
as well as multiple (bottom) TSSs. (c) The fraction of promoters that contain single and multiple 
TSSs is plotted per recipient. (d) Comparison of TSS location among different recipients for 
promoters with single TSS. Most promoters (93.1%) are transcribed at the same TSS location, 





Figure 3.4. Stringency in s70 recognition within compositionally diverse regulatory sequences. 
The fraction of promoters with s70 motif in a simulated library 7500 sequences with GC contents 
ranging from 10-80% (a) and in our measured natural regulatory sequence library (b) using a 




Figure 3.5. Stringency in transcriptional activation depends on donor and recipient GC 
compositions. (a) The fraction of active promoters for different species show recipient promiscuity 
(P. aeruginosa > E. coli > B. subtilis) in proportion to endogenous genomic GC content.  (b) The 
fraction of active promoters versus an activity threshold is shown for different promoter GC 
content. (c) Transcriptional profile as a function of residual activity (i.e. measured activity 
controlled by expected activity based on regulatory features identified in Figure 3.S5) no longer 
shows GC preference, in contrast to b. (d) Two example regulatory sequences with significant s70 
motifs (spike plot) and measured TSS locations (red arrows) displayed for each host. Low GC 
content promoters (right) are more likely than higher GC promoters (left) to contain a s70-like 
motif. GC-rich recipients (e.g. P. aeruginosa) are more likely to contain s70-like signals. (e) 
Cumulative plot of multiple TSS usage for each recipient (f) and for regulatory sequence GC 





Figure 3.S1. Genic and Intergenic GC contents for 50 representative bacteria from major 
phylogenetic groups. Values are arranged phylogenetically according to the 16S rRNA tree on the 





Supplementary Figure 3.S2. The fraction of non-transcribed regulatory sequences differs 
amongst recipient hosts. Regulatory sequences that have no RNA reads in spite of a large 
abundance of DNA reads (DNA counts > 15) are assumed to not be expressed. The fraction of not 
expressed regulatory sequences is larger in B. subtilis (71%) followed by E. coli (39%) and P. 
aeruginosa (16%). Only regulatory sequences with at least 15 total counts (DNA + RNA) are 








































Supplementary Figure S3.3. The top s70 hit can predict the strongest TSS of a promoter. (a-c) 
The cumulative distribution of the distance between start location of best s70 hit and TSS is 
displayed for each recipient. The most likely distance is 34 bp for B. subtilis and E. coli and 35 bp 
for P. aeruginosa. Consistent with our main findings, B. subtilis shows the strongest relationship 
between s70 motif and TSS location while P. aeruginosa shows the least. (d) The fraction of 
promoters in which s70 motif can predict TSS is shown for each recipient. Motif scan often 
identify alternative s70 hits. The x-axis labels indicate the number of s70 hits used to predict TSS 
location. The labels s70best, s70top5, and s70all correspond to the best, up top 5 and all s70 hits 







































































































Supplementary Figure 3.S4. Incorporation of transcription factor binding site prediction does not 
improve prediction of promoter expression levels. (a) Promoter GC content, stability of RNA 
structure at 5’ end and best s70 motif can be used to predict gene expression in each recipient. (b) 
Inclusion of transcription factor binding motifs of the global bacterial regulatory network did not 
improve linear regression model performance compared to parametrization with only three factors. 
Motif PWMs for transcription factors were obtained from the RegulonDB database. Correlation 
was worse than simpler model displayed in a. The training and test set for the regression model 
correspond to 90% and 10% of the data, respectively, after excluding the promoters used to identify 




Figure 3.S5. Taxonomy improves activity prediction in a manner independent of phylogenetic 
distance. A linear regression model is used to predict transcription activity in terms of promoter 
GC content, best s70 motif score, 5’ end mRNA structural stability and donor genus. (a-c) For the 
three recipients, donor genus improves prediction when compared to a model without taxonomic 
information (Figure S5). (d) Pearson correlation between expression activity and different features 









































































































Supplementary Figure 3.S6. Expected and actual promoter 6-mer frequencies in bacterial 
genomes. (a) Expected 6-mer frequencies per megabase across different sequence compositions. 
(b) Actual frequencies of -10 and -35 consensus 6-mers in 50 phylogenetically and 




Supplementary Figure 3.S7. Promoter stringency and GC content in B. subtilis and P. 
aeruginosa. Fraction of active promoters as a function of activity threshold grouped per promoter 
GC content is plotted for B. subtilis (a) and P. aeruginosa (b). Fraction of active promoters as a 
function of residual activity threshold grouped per promoter GC content is plotted for B. subtilis 
(c) and P. aeruginosa (d). Residual activity is obtained from linear model RNA stability + s70best 
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Supplementary Figure 3.S8. Random low GC regulatory sequences show high transcription in a 
GC-rich recipient. A set of five libraries of random sequences containing 140 ambiguous bases 
with different GC compositions (33%, 42%, 50%, 58%, 67%) were tested in B. subtilis, E. coli 
and P. aeruginosa to measure gene expression of a GFP reporter. The low GC regulatory library 
(33% GC) showed elevated activity in the GC-rich recipient, P. aeruginosa (67% genomic GC). 




Supplementary Figure 3.S9. Optimal transcriptional balance across GC contents. s70 stringency 
must be balanced based on genomic GC content to avoid spurious off-target transcription but also 




Supplementary Figure 3.S10. Diagram of gene regulation and horizontal gene transfer outcomes. 
Upon acquisition, genes may be either too lowly expressed and not improve fitness, or they may 
be over-expressed and become burdensome. These sub-optimally expressed genes may either be 





Supplementary Figure S11. Defining statistically informative promoters. (a) A promoter is 
classified as informative when the 95% confidence interval of its activity measurement is narrow 
enough (less than 1.34 of standard deviation of reference distribution) or when its maximum or 
minimum boundary lies at the low or high end of the reference distribution. The panel displays 
instances of accepted (red dots) and discarded points (orange dots) at each location along the 
distribution. (b) The upper and lower limit of the 95% confidence interval have a monotonically 
decreasing distance to its mean value when plotted as a function of either DNA or RNA counts. 
This property is important to efficiently compute an approximated confidence interval for any pair 
of DNA and RNA counts (see Methods). Values with distance to mean greater than 5 are clustered 
at µ-5 or µ+5. (c-d) The threshold of RNA and DNA counts to obtain an informative promoter is 
displayed for each recipient at stringent (c) and inclusive (d) thresholds. The curve with total count 
equal to 16 displays the threshold used for analysis in this paper. The stringent threshold assumes 
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Cell-free expression systems enable rapid prototyping of genetic programs in vitro. 
However, current throughput of cell-free measurements is often limited by the use of single-
channel reporter assays. Here, we describe DNA Regulatory element Analysis by cell-Free 
Transcription and Sequencing (DRAFTS), a rapid and robust in vitro approach for multiplexed 
measurement of transcriptional activities from thousands of regulatory sequences in a single 
reaction. We employed this method in active cell lysates developed from ten diverse bacterial 
species. Interspecies analysis of transcriptional profiles from >1,000 diverse regulatory sequences 
revealed functional differences in gene expression that could be predictively modeled. Finally, we 
constructed and examined the transcriptional capacities of dual-species “hybrid” cell lysates that 
can simultaneously harness gene expression properties of multiple organisms. We expect that this 
cell-free multiplex transcriptional measurement approach will improve genetic circuit prototyping 




The cell envelope is a key physical barrier that compartmentalizes cellular functions and 
insulates biological systems from the external environment. However, this barrier also limits direct 
access to the genome and other cellular components, which can greatly stymie genetic engineering 
efforts and biomolecular characterizations. Cell-free expression systems have long been 
established as a simplified in vitro approach to overcome these challenges by maintaining cellular 
processes in the absence of an intact cell membrane1. Cell-free systems, made up of either 
individually reconstituted cellular components2-4 or cell lysates5,6, can support a variety of catalytic 
reactions in vitro when supplied with energy sources, cofactors and ions7-9. These cell-free 
approaches have facilitated the development of therapeutically useful natural products10,11 and 
biologics with nonstandard amino acids12 or chemical moieties otherwise challenging to 
synthesize13. They have also been used to generate viable phage particles directly from purified 
phage DNA5,14,15 and detect pathogens in emerging diagnostics applications16,17. Recently, cell-
free transcription-translation (TXTL)18,19 has increasingly gained popularity as a prototyping 
platform for synthetic biology20,21. By shortcutting time-consuming cloning and transformation 
steps, TXTL reactions can directly yield proteins and metabolites straight from DNA that encode 
biosynthetic genes, operons, or pathways. TXTL has also been useful for characterizing synthetic 
gene circuits with multi-layered components and dynamic behaviors20,22,23. However, the 
correspondence between in vitro measurements and actual in vivo conditions in live cells remains 
poorly understood8,24,25.   
 Traditional approaches to track RNA or protein levels in TXTL reactions rely on 
fluorescent reporters that have limited sensitivity and multiplexing capacity. In contrast, deep 
sequencing offers a vastly improved approach to characterize thousands of genetic designs or 
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variants simultaneously, which can be produced from pooled DNA synthesis or mutagenesis 
methods. Such massively parallel reporter assays have enabled detailed studies of governing 
regulatory features of gene expression, such as 5’ untranslated region (UTR) structure and codon 
usage, directly in cell populations26-28. Cell-free studies have also used similar strategies to study 
transcription from purified RNA polymerases of phage29 and E. coli30. Large-scale and rapid 
analysis of genetic components can thus greatly shorten the design-build-test cycle for synthetic 
biology31. 
Recently, a number of TXTL systems have been developed from diverse bacterial 
species32-35. These TXTL systems allow better design and testing of genetic circuits and metabolic 
pathways in new microbes with unique biochemical capabilities35,36. Cell-free methods have the 
potential to more rapidly advance the development of non-model strains that lack characterized 
genetic parts (i.e. promoters, ribosome binding sites) into useful chassis for industrial synthetic 
biology. Additionally, the use of diverse TXTLs opens the door for systematic assessment of 
compatibility between circuit components and various chasses. However, the utility of these in 
vitro approaches is dependent on their correspondence to in vivo conditions, which are not well-
established. 
Here, we describe a new deep sequencing-based multiplex strategy to rapidly measure the 
activities of thousands of regulatory sequences in a single cell lysate reaction, called DNA 
Regulatory element Analysis by cell-Free Transcription and Sequencing (DRAFTS). We first 
outline a simple pipeline to rapidly develop and characterize cell-free expression systems in new 
microbes, which we applied to generate active cell lysates from diverse and industrially useful 
bacteria. Applying DRAFTS to libraries of natural DNA regulatory sequences, we systematically 
compared transcriptional measurements made in vitro in TXTL versus in vivo in cell populations. 
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We then analyzed transcriptional patterns across ten diverse bacteria to identify common and 
diverging transcriptional capacities between different species as well as in “hybrid” cell lysates 
made from multiple species. This study provides a guiding roadmap to generate, optimize, and 
analyze new cell-free expression systems using massively parallel reporter assays to expand the 
toolbox for genetic prototyping for synthetic biology and biomanufacturing applications.  
  
Multiplex quantification of 5’ regulatory sequence libraries using DRAFTS 
Thanks to recent advances in DNA synthesis, tens to hundreds of thousands of genetic 
designs can now be cheaply and quickly built in parallel27,37. However, these pooled libraries 
cannot be easily characterized using traditional TXTL reporter assays (e.g. fluorescence), which 
can often only support single-channel of measurement. As a result, individual genetic circuits need 
to be separately generated and tested, which adds significant hands-on burden and limits 
throughput even in 96-well, 384-well or microfluidic formats35,38. On the other hand, deep 
sequencing methods are ideally suited for quantitative measurements of nucleic acid species in 
pooled reactions. A key constraint of multiplex measurements in pooled reactions, however, is that 
individual species must not cross-interact with one another. Given these considerations, we 
designed DRAFTS for quantitative transcriptional analyses of DNA regulatory sequences in 
pooled TXTL reactions by next-generation sequencing (Figure 4.1a).  
 To test whether multiplex transcriptional measurements can be carried out in cell-free 
expression systems, we first performed pooled E. coli TXTL reactions using libraries of DNA 
regulatory parts (ranging from 234 to 29,250 members) derived from our previous study of natural 
regulatory sequences that is described in Chapters 2 and 337. From each TXTL reaction, we 
performed targeted RNA-seq on specific mRNAs, which were enriched by reverse transcription 
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and 3’-end cDNA ligation of sequencing adaptors (Suppl. Fig. 4.S1). The relative RNA abundance 
of each construct was normalized to its relative DNA abundance, which was determined by DNA-
seq of the input regulatory library, to yield the final quantitative measurement of transcription (see 
Methods). Across different regulatory libraries, transcription levels spanned >5 orders of 
magnitude and were highly reproducible using the same and separately prepared cell lysates on 
different days (Suppl. Fig. 4.S2a, Figure 4.1b). Similar to previous reports37, transcriptional 
values were consistent across libraries using alternate N-terminal barcodes and downstream genes 
(sfGFP or mCherry) (Suppl. Fig. 4.S2b,c). We observed that relative transcription levels remained 
constant across different TXTL reaction times (0.5, 1, 2 or 4 hours) as well as input DNA 
concentrations (0.025, 0.25, 2.5, or 25 nM) (Suppl. Fig. 4.S2d,e).  
To compare TXTL transcription levels with in vivo values, we transformed each library 
into the same E. coli BL21 strain that was used for cell lysate preparation. We observed that the 
distribution of DNA libraries was much more uniform in vitro than in vivo, which is likely due to 
the decoupling of gene expression from cell fitness in vitro and can improve multiplexed 
measurements (Figure 4.1c). More importantly, both transcription levels and transcription start 
site positions (TSSs) were highly concordant between in vitro and in vivo measurements (Figure 
4.1d,e, Suppl. Fig. 4.S3a-d). Lastly, the sequences upstream of TSSs were enriched for sigma70 
binding sites, indicating an accurate identification of mRNA 5’ positions and enabling 
compositional analysis of promoter sequences (Suppl. Fig. 4.S3e,f). Together, these results 
demonstrate that in vitro TXTL reactions faithfully recapitulate in vivo transcription conditions, 
enabling accurate, more uniform, and multiplex characterization of thousands of regulatory 
components in a single pooled TXTL reaction.   
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A simple pipeline for preparing and optimizing diverse microbial lysates 
Given the robustness of multiplex transcriptional measurements in E. coli TXTL reactions, we 
sought to generalize this approach by first generating and optimizing cell-free expression systems 
from other bacterial species. Recently, several studies have reported TXTL reactions from several 
non-E. coli bacterial species33-36. To further expand upon these advances, we established a 
streamlined experimental pipeline to construct, test and optimize cell lysates from diverse species 
(Methods)18,19. In short, cells are grown in rich media, lysed by sonication, incubated in a run-off 
reaction, and dialyzed (Figure 4.2a)39. We used the expression of Broccoli, an RNA fluorescence 
aptamer, to quantify the transcriptional activity of cell lysates40. When bound to the fluorophore 
DFHBI-1T, Broccoli yields a fluorescence signal that is linearly proportional to its mRNA 
concentration. We systematically optimized reaction buffer conditions by supplementing with 
different levels of Mg-glutamate and K-glutamate. The most transcriptionally active buffer 
conditions were used for all subsequent in vitro studies (Figure 4.2b).  
In total, we implemented our cell lysate preparation and optimization pipeline on 10 
phylogenetically and ecologically diverse bacterial species including seven Proteobacteria (E. coli, 
E. fergusonii, S. enterica, P. agglomerans, K. oxytoca, P. putida, V. natriegens), two Firmicutes 
(B. subtilis, L. lactis) and one Actinobacteria (C. glutamicum). E. fergusonii and P. agglomerans 
strains are novel isolates from the murine gut and agricultural waste respectively, while other 
strains have been previously described. Each strain was first grown in their optimal growth 
conditions and cell lysates were subsequently prepared using the same general protocol. Final cell-
free reaction conditions were individually optimized for each species (Figure 4.2b and Methods) 
and quantified to determine transcriptional yields (Suppl. Figure 4.4a). In the E. coli lysate, we 
found that the expression of the Broccoli reporter peaked after ~4 hours and then decreased 
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thereafter, consistent with previous reports24. In contrast, P. agglomerans, V. natriegens, C. 
glutamicum and L. lactis showed a prolonged Broccoli signal over time with no observed decrease 
over 8 hours. These differences could arise as a result of different stability dynamics of the DNA 
template or resulting mRNA molecules as well as alternative energy recycling processes for 
sustaining transcription. While transcription requires a few key proteins and cofactors, translation 
needs many more components with a far greater degree of coordination between them to function 
properly. Thus, for cell-free lysate reactions, in vitro translation is expected to require significantly 
more tuning and optimization than in vitro transcription. Nonetheless, we quantitatively 
characterized the translational potential of our 10 cell lysates using an eGFP reporter plasmid and 
detected measurable levels of protein expression in most lysates except for L. lactis (Suppl. Fig 
4.S6b). These results demonstrate that our cell lysate preparation methods are able to generate 
active cell-free expression reactions from diverse bacteria with relative ease.  
To improve the flexibility of our cell-free expression systems, we explored the possible use 
of uncloned PCR product inputs by attempting to sequester the RecBCD complex, which normally 
degrades linear DNA templates. Two strategies have been used to enhance the stability of linear 
DNA involving co-incubation with either GamS from l-phage or DNA fragments that contain Chi 
sites5,41. To further protect linear DNA templates from RecBCD and other nucleases, we 
introduced Ku proteins from the non-homologous end-joining (NHEJ) pathway of Mycobacterium 
tuberculosis, which protects damaged DNA by binding to DNA, into our cell-free reactions 
(Suppl. Fig. 4.S5a)42. Like GamS and Chi-site DNA, Ku also protected linear DNA templates and 
enhanced their gene expression in E. coli cell-free reactions. Sufficient flanking regions (as little 
as 100 bp) enabled binding to linear DNA ends by Ku to confer resistance against nuclease 
degradation (Supp. Fig. 4.S5b,c). We then tested Ku in our other cell-free expression systems and 
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found that it improved expression of linear DNA templates in a broad range of species, in contrast 
to GamS and Chi-site strategies, which worked only in closely related species of E. coli and S. 
enterica (Suppl. Fig. 4.S6). Together, these results provide a foundation for further optimizations 
of transcription and translation efficiency in cell-free expression systems and demonstrate their 
potential for rapid and flexible characterization of genetic designs in new bacterial species.  
 
Large-scale multiplex transcriptional characterizations in diverse bacteria 
Understanding the regulatory capacity of microbes is key for building reliable genetic circuits that 
experience fewer failures. In previous work, we found that the activity of a regulatory element can 
vary in different species37. A major roadblock in identifying these species-selective regulatory 
properties is the low efficiency of DNA transformation in many bacteria, which limits multiplex 
characterization in them. To address this challenge, we first tested a small 234-member regulatory 
library (RS234)37 using DRAFTS in seven species to obtain multiplex transcriptional data. These 
results were compared with those obtained by transforming the library into each species and 
measuring in vivo transcription levels. Encouragingly, in vitro and in vivo transcription levels were 
highly correlated between cell lysates and cell libraries (Pearson’s r between 0.71 and 0.9, Suppl. 
Figure 4.S7), which demonstrates the utility of DRAFTS for accurate multiplex transcriptional 
measurements in diverse bacteria.  
To further scale the throughput of DRAFTS, we mined diverse antibiotic resistance and 
virulence genes to generate a 1,383-member library of natural regulatory sequences (RS1383) 
(Suppl. Fig. 4.S1b and Methods). Since antibiotic resistance and virulence genes are often 
mobilized between microbes, we hypothesized that their regulatory regions may exhibit interesting 
host-range properties. Accordingly, we tested this library in the 10 cell lysates using DRAFTS. By 
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using the same RS1383 library in in vitro reactions, we can also minimize any confounding 
contextual effects of different plasmid backbones, which are otherwise needed for in vivo 
characterizations in different species43. While the RS1383 library was relatively uniform following 
in vitro reactions in most lysates, a group of sequences (~13%) was significantly depleted in the 
L. lactis lysate. Motif analysis revealed a CCNGG motif in these sequences, which corresponded 
to a known recognition site of a restriction enzyme (ScrFIR) present in the L. lactis genome (Suppl. 
Figure 4.S8)44. Therefore, the depletion of these sequences was likely the result of restriction 
cleavage in L. lactis lysates, highlighting the potential interference by bacterial defense systems to 
confound cell-free studies. We thus removed these sequences from future analyses as they 
artificially inflated transcription activity calculations.  
Many regulatory sequences were transcriptionally active in cell lysates, spanning several 
orders of magnitude in expression (Suppl. Fig. 4.9a). Hierarchical clustering revealed distinct 
groups of activity levels across phylogenetically diverse bacteria (Figure 4.3a,b). For each 
regulatory element, we performed pairwise comparisons of their transcription levels between 
species (Figure 4.3c, Suppl. Fig. 4.S9b). Pearson correlations of these pairwise comparisons 
showed varying levels of transcriptional concordance, which when clustered further revealed 
distinct gram-negative and gram-positive groups (Figure 4.3c). Interestingly, more 
phylogenetically related species shared a more similar transcription profile (Pearson’s r=0.73, 
Figure 4.3d). Principal component analysis on the RS1383 transcription profiles also revealed two 
distinct groups for gram-negative and gram-positive species (Suppl. Fig. 4.S9c). We did not find 
distinct patterns of expression across different classes of antibiotic resistance genes across lysates 
(Suppl. Figure 4.S10). However, regulatory sequences derived from Firmicutes, which have AT-
rich genomes, tended to be more active overall compared to those from Proteobacteria and other 
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phyla that have higher genomic GC-content (Figure 4.3e), highlighting the importance of 
regulatory sequence composition. Together, these results provide a higher resolution delineation 
of the transcriptional capacity and functional similarity between phylogenetically diverse species 
than that has been described previously.  
Finally, we characterized an even larger library of 7,003 regulatory sequences (RS7003)37 
in the 10 cell lysates to demonstrate the utility of DRAFTS in mechanistic modeling of gene 
expression. We first examined the relationship between 8 regulatory sequence features known to 
influence promoter activity (i.e. -10/-35 motif strength and interaction45, spacer sequence, TSS 
region composition, mRNA 5’-end stability, GC%, Methods) and the measured in vitro expression 
levels (Figure 4.4a). In line with previous results37, the most predictive features for transcriptional 
activity across species were the strength of the -10 and -35 motifs of sigma70 (positively 
correlated) and the GC content of the regulatory sequence (negatively correlated). We combined 
all 8 features to generate a linear regression model of transcriptional activity for each species, using 
10% of the dataset for training (Methods). These transcriptional models were able to explain up 
to 50% of the variance in some species (Figure 4.4b,c). Our findings highlight the utility of 
applying cell-free expression approaches to diverse bacteria for gene regulation characterization 
and modeling to deepen mechanistic studies28,45-47.  
 
Building synthetic hybrid cell lysates 
The diversity of metabolisms and cellular physiologies in the microbial kingdom provides a rich 
basis to generate cell lysates with unique capacities. Synthetic amalgamation of cell lysates may 
further extend or broaden capabilities that are otherwise uniquely confined to individual species. 
With an expanded biochemical repertoire, modified lysates could, in theory, express genes and 
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pathways beyond their native regulatory or metabolic capacities. Furthermore, they could also 
mimic synthetic bacterial co-cultures, but in an in vitro setting that does not require intercellular 
transport, a limitation in many cross-feeding studies48. To test this hypothesis, we synthetically 
mixed cell lysates from different species into “hybrid lysates” (Figure 4.5a). We first constructed 
7 hybrid lysates with equal proportions of two species and examined their ability to produce 
mRNA and proteins. Interestingly, most hybrid lysates achieved comparable levels of mRNA and 
protein expression to their single-species counterparts. This result suggests that machineries for 
gene regulation, transcription, and protein synthesis from evolutionarily distinct species generally 
do not negatively interfere with one another (Suppl. Fig. 4.S11, 4.S12).  
To better delineate the transcriptional properties of hybrid lysates, we then applied 
DRAFTS using the RS7003 library to examine the transcriptional capacity of E. coli-B. subtilis 
(Ec:Bs) or E. coli-C. glutamicum (Ec:Cg) hybrid lysates generated with different mixing ratios 
(4:1, 1:1, 1:4). Transcriptional profiles from hybrid lysates were compared to one another as well 
as non-mixed single species (Figure 4.5b,c). Interestingly, equally mixed lysates exhibited 
transcriptional profiles that were more similar to lysates from both species individually. Tuning 
the ratio of species in the hybrid lysate resulted in transcriptional profiles more aligned with the 
majority species (e.g. 1:4 or 4:1) while still retaining some similarity to the minority species. The 
ability to augment different cell lysates (e.g. Proteobacteria, Firmicutes, Actinobacteria) with 
properties from functionally different species by simply mixing cell lysates in different ratios and 
combinations will provide a powerful general approach for in vitro synthetic biology. We expect 
that synthetic hybrid lysates with even higher combinations of species could further broaden the 




Cell-free expression systems enable rapid prototyping of natural or synthetic genetic circuits by 
eliminating time-consuming transformation and cell growth steps. In this study, we developed, 
optimized, and characterized cell-free lysates for 10 diverse bacterial species from three phyla 
(Proteobacteria, Firmicutes, Actinobacteria), many of which have never been utilized in cell-free 
expression reactions. Using DRAFTS in these lysates, we further demonstrated the accurate 
multiplexed characterization of thousands of DNA regulatory sequences in vitro. This deep 
sequencing-based approach can quantify transcriptional activities across >5 orders of magnitude 
and simultaneously determine transcriptional start sites. In vitro transcriptional measurements 
faithfully recapitulated in vivo expression levels, thus avoiding laborious construction of multiple 
species-specific libraries and transformation into some challenging or recalcitrant species. 
We observed increased regulatory dissimilarity between phylogenetically more distant 
species, suggesting a functional evolutionary divergence of transcriptional regulation across the 
natural microbial biome49. Differences between microbial species could be exploited to build more 
refined regulatory circuits that function in specific organisms or multiple targeted species37. Using 
these high-throughput datasets, simple linear models of transcriptional activation could be easily 
trained to predict promoter strengths in a wide array of organisms. Our identification of a strain-
specific restriction enzyme recognition site that affected the stability of DNA templates suggests 
potential routes for strain optimization in future cell-free studies using diverse bacteria. Advances 
in cell lysate preparation, especially for organisms requiring anaerobic or fastidious growth 
conditions, will extend in vitro expression systems to new arenas to better understand and improve 
microbial physiology. Hybrid cell lysates generated by mixing different species could yield in vitro 
systems with new biochemical properties. These synthetic in vitro hybrids constitute a step towards 
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harnessing the diverse properties of natural and engineered bacteria into a single in vitro reaction, 
with possible applications in microbiome prototyping, biochemical manufacturing, and the 
development of artificial minimal cells48,50.  
 While this study focused on characterization of promoters that are constitutively activated, 
our approach can extend to inducible regulatory systems including riboswitches51-54. In these cases, 
additional regulatory proteins could be co-expressed with a library of regulatory DNA variants in 
the same in vitro reaction and their ligand-response dynamics could be monitored over time. Such 
approaches could also expedite the characterization of promoters controlled by multiple 
regulators47 and facilitate their integration into complex regulatory networks51,55. Transcriptional 
profiles of entire genetic circuits could also be characterized in TXTL reactions using whole-
transcriptome library preparation methods, which have been employed in vivo to aid debugging of 
individual components and dynamic circuit behaviors56. Sequencing-based quantification methods 
for translation such as Ribo-seq57,58 could enable in vitro multiplex characterization for protein 
synthesis in different bacteria. Finally, we expect multiplexed sequencing and quantification 
approaches to also improve analysis of fungal59, plant60, insect61, mammalian62,63 and other cell-
free expression systems derived from eukaryotic organisms to study and engineer increasingly 




Regulatory sequences were mined from databases of antibiotic resistance64 and virulence genes65 
(Suppl. Fig. 4.S1b). Oligo library design, synthesis, and cloning were performed as previously 
described37. Initial libraries were transformed into E. coli MegaX DH10B cells (Invitrogen) and 
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subsequently passaged twice 1:25 in LB+50 µg/mL carbenicillin. Plasmid DNA was extracted 
(Zymo Midiprep) and column purified once more (PureLink, Invitrogen) to avoid carryover of 
RNase A into cell-free expression systems. Final concentrations of 10-25 nM were suitable for 
downstream experiments.  
 
Lysate preparation 
Strain information, media, buffer recipes and growth conditions used for each species can be found 
in Supplementary Materials. E. fergusonii and P. agglomerans strains were isolated from mouse 
feces and hemp feedstock (supplied by Ecovative) respectively. Lysates were generated using 
similar methods used to produce E. coli TXTL systems18,19. In general, single colonies of each 
species were inoculated into 4 mL liquid media and grown 6-8 hours. 100-500 µL of the culture 
was transferred to 50 mL of the same liquid media and grown overnight. 3.3 mL from the overnight 
culture was transferred to two flasks containing 330 mL growth medium in 1 L baffled flasks 
(1:100 dilution) and grown to OD600 1.2-1.6. Flasks were rapidly chilled on ice and cells were 
centrifuged at 4,300xg for 10 minutes at 4ºC. Pellets were washed three times with 50 mL S30A 
buffer in 50 mL centrifuge tubes. The mass of the final pellet was measured and 0.8 mL (1.2 mL 
for L. lactis) S30A buffer was added per gram of pellet mass and then transferred to Eppendorf 
tubes in 300 uL aliquots. The aliquoted resuspensions were sonicated on ice using a Qsonica125 
sonicator with 3.2 mm probe at 35% amplitude for 4 rounds of 30 seconds, with 30-second breaks. 
Lysates were clarified by centrifuging at 12,000xg for 10 minutes at 4ºC. Supernatant was removed 
and transferred to 2 mL microtubes with screw cap opened. Run-off reactions were performed by 
incubating clarified lysates at 30ºC or 37ºC (whichever temperature used for cell growth), 250 rpm 
for 60-80 minutes. Samples were clarified by centrifuging at 12,000xg for 10 minutes at 4ºC. 
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Supernatant was loaded in dialysis cassette (Slide-A-Lyzer 10k MWCO, Thermo Scientific) and 
dialyzed in S30B buffer for 2-3 hours at 4ºC. Samples were clarified once more by centrifuging at 
12,000xg for 10 minutes at 4ºC, then aliquoted and stored at -80ºC.  
 
Transcriptional Optimization 
Transcriptional optimization was performed separately for each species. Cell lysates were 
combined with amino acids, PEG, and energy buffer as previously described19, with additional 
Mg-glutamate and K-glutamate (both from Sigma Aldrich) at concentrations of 0, 3, 6 or 9 mM 
and 0, 30, 60, or 90 mM respectively (total 16 combinations), in a skirted white 96-well PCR plate 
(Bio-rad). A plasmid construct containing strong broad-host range promoter (Gen_18145) 
identified by our previous study37, F30-Broccoli, and B0015 terminator was used as a DNA 
template, and nuclease-free water was used as a negative control. DNA template (2 uL) and 10 
mM DFHBI-1T (0.5 uL, Tocris Bioscience) was added to each well immediately before time 
course measurements. Fluorescence was tracked for 8 hours using a Synergy H1 plate reader 
(BioTek) at 30ºC using excitation and emission wavelengths of 482 and 505 nm respectively. The 
concentrations of Mg-glutamate and K-glutamate yielding the highest fluorescence peak was used 
for future experiments, typically between 1-4 hours.  
 
Library Transcriptional Measurements 
Library measurements were carried out in 10 µL reactions containing 7.5 µL cell-free mixture and 
2.5 µL DNA at a final concentration of 10-25 nM. Reactions were incubated at 30ºC for 30 min. 
Each reaction was then split and 2 µL was used for amplification of DNA library and total RNA 
was extracted from the remaining 5 uL using a Zymo RNA Clean and Concentrator-5 kit, with the 
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remaining volume saved as backups. For in vivo measurements, library cultures were grown until 
OD600 ~0.2. RNA was then extracted using RNAsnap66. For in vivo libraries, cells were lysed using 
PrepGem bacteria kit (Zygem) for amplification of input DNA library sequences. Unless otherwise 
stated, RNA sequencing library was prepared by reverse transcription and common adaptor 
ligation at 3’-end of the cDNA. 
Gene-specific reverse transcription was carried out for all RNA samples as follows: 
10 µL Total RNA sample (up to 5 µg) 
1 µL Reverse transcription primer (20 µM) 
1 µL 10 mM dNTPs (Invitrogen) 
2.5 µL Nuclease free water 
 
Components were incubated at 65 ºC for 5 minutes and chilled on ice for 1 minute. The following 
were then added to the reaction: 
4 µL 5x RT buffer 
0.5 µL RNase inhibitor (Ribolock Thermo Scientific) 
1 µL Maxima reverse transcriptase (Thermo Scientific) 
 
The reverse transcription reaction was carried out as follows on a 96-well thermocycler (BioRad): 
42ºC for 90 minutes  
50ºC for 2 minutes  
42ºC for 2 minutes  
Repeat the two steps above for 9 cycles 
85ºC for 5 minutes  
4ºC hold 
The completed reaction was incubated with 1 µL RNase H at 37ºC for 30 minutes. 
Then the common adaptor ligation was carried out as follows: 
 5 µL cDNA 
 2 µL Adaptor (40 µM) 
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Components were incubated at 65 ºC for 5 minutes and chilled on ice for 1 minute. The following 
were then added to the reaction: 
 2 µL T4 RNA ligase buffer 
 0.8 µL DMSO 
 0.2 µL 100 mM ATP 
 8.5 µL 50% PEG8000 
 1.5 µL T4 RNA ligase (New England Biolabs) 
 
Reactions were incubated overnight at 22ºC for overnight. 
 
Illumina indexes and adaptors were added to both cDNA and input library DNA using a two-step 
amplification process. All primer sequences are listed in Supplementary Materials. Amplifications 
were performed using the following PCR reaction mixture and cycling: 
10 µL 2x Q5 Hot Start Mastermix (New England Biolabs) 
0.2 µL 10x SYBR Green I (Invitrogen) 
1 µL Forward primer (10 uM) 
1 µL Reverse primer (10 uM) 
1 µL 1:10 dilution of library DNA template 
6.8 µL Nuclease free water (Ambion) 
 
5 min 98 ºC Initial Denaturation 
10s 98 ºC Denaturation 
20s 62 ºC Annealing 
30s 72 ºC Extension 
Go to step 2 Until end of exponential amplification 
2m 72 ºC Final Extension 
 
PCR was performed using a CFX96 Touch Real-Time PCR machine (Bio-Rad). Amplification 
was stopped as soon as exponential phase ceased, typically around 20 cycles. Samples were diluted 
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1:100 and amplified again using the same protocol using indexing primers for 8-10 cycles. Samples 
were then co-purified and examined on a 2% agarose gel to verify correct band sizes of ~ 200 bp 
for cDNA and 350 bp for input plasmid DNA libraries.  
 
Read processing and data analysis 
After merging paired-end reads using BBmerge67 and filtering out mismatched reads, barcode 
mapping of reads to designed library constructs and expression level calculations were performed 
by normalizing each construct’s individual RNA abundance by its DNA abundance based on 
merged counts from two technical replicates, as done in previous studies27,37. The log10 
transformed expression levels were converted to Z-scores for further comparative analysis across 
samples. 
 
Determination of transcription start sites and 5’-end mRNA structure stability 
To identify the TSSs of regulatory sequences, alignment of the merged RNA reads with the 
reference sequence was performed after trimming common adaptor sequence with two random 
bases at the end. Then we processed TSS calls for each regulatory sequence by an algorithm using 
kmeans function of scikit-learn package in Python. The algorithm starts with a seed of 16 clusters, 
then the number of clusters is reduced if two clusters are found within 10 bp of each other or if the 
cluster contains less than 1% of all reads. Primary TSS was defined as TSS in which >70% of TSS 
calls lie within the cluster with >200 counts. Other secondary TSSs defined as all the TSSs in 
which >10% of TSS calls lie. Free energy of 5’-end mRNA structure was computed using the 
NUPACK package (http://nupack.org)68. The 5’-end of mRNA was defined by first 50 bp 
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downstream of TSS of each regulatory sequence. Only promoters with primary TSSs were used 
for this analysis. 
 
Motif discovery and scoring 
The conserved -10 and -35 motifs of regulatory sequences were identified within the 45 bp 
preceding primary TSSs using MEME software analysis69. Spacer sequences between -35 and -10 
regions of promoters were extracted during motif scanning and were given penalty scores for 
suboptimal sizes deviating up to +/- 2 bp from the optimal 17 bp. We also examined motifs found 
within the 8 bp of downstream sequences from primary TSS as this region is important for 
transcription initiation30,70. Unless otherwise stated, top 10% highly active promoters were selected 
for motif analysis. The motif function in the Biopython package was used to scan the aligned 
sequences by MEME to obtain motif position weight matrix and match scores for each promoter 
in the regulatory sequence library.  
 
Statistical methods 
All library measurements were performed in duplicate for both RNA and DNA and the Pearson 
correlation coefficients between most of the biological replicates were >0.9. For most analyses, a 
cutoff of 15 DNA reads was set to minimize noise from low abundance constructs. All statistics 
were performed using commonly used Python libraries such as Numpy, Scipy, Pandas, and 
Seaborn. Linear modeling was performed using the LinearRegression function in scikit-learn 
package, by randomly splitting the data in 10% and 90% for the training and test sets, respectively, 
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Figure 4.1. DNA Regulatory element Analysis in Cell-Free Transcription and Sequencing 
(DRAFTS). (a) DRAFTS uses crude cell lysate based cell-free expression systems to harness 
source host cell’s endogenous gene expression machineries. Compared to conventional single-
channel reporters with color or fluorescence readouts, multiplexed sequencing readouts from 
pooled reactions in DRAFTS scale up the throughput of measurement. (b) Biological replicates of 
transcriptional profiles (Tx) measured in separately prepared cell free extract batches of E. coli. 
(c) Comparison of abundances of each library constructs in in vivo and in vitro measurements. (d) 
Correlation between transcriptional profiles (Tx) for regulatory sequence libraries from in vitro 
and in vivo measurements in E. coli. (e) Correlation between primary TSS calls of regulatory 
sequences from in vitro and in vivo measurements in E. coli. Sample sizes (n) and Pearson 
correlation coefficients (r) are shown in each plot. All measurements except (c) are based on two 
technical replicates.  
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Figure 4.2. Development of cell-free expression systems of diverse bacterial species. (a) 
Schematic diagram of experimental pipeline for preparation and optimization of cell-free 
expression systems. (b) Optimization of transcriptional output using different concentrations of 
Mg-glutamate and K-glutamate in 10 bacterial cell-free expression systems with Broccoli as a 
reporter (solid lines, optimal buffer composition shown in red). No DNA template controls are 
shown as grey dashed lines. 12.5 nM of DNA template was used in all systems, except L. lactis 




Figure 4.3. Comparative functional analysis of regulatory sequences across 10 bacterial species 
through DRAFTS. (a) Unrooted phylogenetic tree of 10 bacterial species used in this study based 
on Jukes-Cantor distance using Neighbor-joining. (b) Transcriptional activities (Tx) of 421 
regulatory sequences that were active in all 10 bacterial cell-free expression systems. (c) Pairwise 
comparison of transcriptional profiles of 421 universally-active regulatory sequences between 
bacterial species. Example scatter plots with relatively high and low Pearson correlation in the 
heatmap (marked i and ii) are shown on left. (d) Correlation between evolutionary divergences 
(16S percent identity) and pairwise Pearson correlation of transcriptional profiles. (e) Activity 
profiles (Tx) of regulatory sequences from donor phyla Proteobacteria and Firmicutes in 10 
bacterial species. GC contents of regulatory sequences from the phylogenetic groups are shown on 




Figure 4.4. Predictive modeling of transcriptional activation in 10 bacterial species through 
DRAFTS. (a) Correlation between sequence features of regulatory sequences and transcriptional 
activities in each bacterial species. (b) Correlation between predicted and observed transcription 
levels for each bacterial species with various proportions of data for model training. Data were 
randomly split for the training and test sets, respectively, and Pearson correlation between 
predicted and observed transcription levels was computed for 10 times for each proportion. (c) 
Predictive models for transcriptional activation (Tx) in 10 bacterial species using data generated 
through DRAFTS. Data were randomly split in 10% and 90% for the training and test sets, 





Figure 4.5. Development and transcriptional characterization of synthetic hybrid TXTL systems. 
(a) Construction of hybrid lysates through extract mixing. Pairwise correlation of RS1383 
transcriptional profiles between hybrid lysate and single constituent species lysates for (b) E. coli 
+ B. subtilis and (c) E. coli + C. glutamicum extracts with different mixing ratios. All 
measurements are based on two technical replicates. 
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Table 4.S1. Bacterial strains used in this study and their growth conditions. 
Species Strain (Source) Medium Temp. Aeration 
E. coli BL21 2xYT+P 37℃ Shaking (220 rpm) 
E. fergusonii Isolate (Murine feces) 2xYT+P 37℃ Shaking (220 rpm) 
S. enterica Serovar Typhi Ty2 2xYT+P 37℃ Shaking (220 rpm) 
K. oxytoca M5A1 (DSM 7342) 2xYT+P 30℃ Shaking (220 rpm) 
P. agglomerans Isolate (Agricultural waste) 2xYT+P 30℃ Shaking (220 rpm) 
P. putida KT2440 (ATCC 47054) 2xYT+P 30℃ Shaking (220 rpm) 
V. natriegens ATCC 14048 BHI+v2 salt 37℃ Shaking (220 rpm) 
B. subtilis BD3182 (168 derivative) 2xYT+P 30℃ Shaking (220 rpm) 
C. glutamicum ATCC 13032 BHI 30℃ Shaking (220 rpm) 




Table 4.S2. Composition of media, buffer and TXTL components used in this study 
Medium Composition 
2xYT+P 10 g/L Yeast extract (BD, 288620), 16 g/L Tryptone (BD, 211705), 5 g/L 
NaCl, 40 mM Potassium phosphate dibasic, 22 mM Potassium phosphate 
monobasic 
BHI 37 g/L BHI (Brain Heart Infusion) (BD, 237500) 
BHI+v2 salts 37 g/L BHI (Brain Heart Infusion) (BD, 237500) + v2 salts (204 mM 
NaCl, 4.2 mM KCl, 23.14 mM MgCl2) [Weinstock et al., 2016. Nat. 
Methods 13:849-51] 




S30A* 14 mM Mg-glutamate, 60 mM K-glutamate, 50 mM Tris base (pH 7.7 - 
titrate with acetic acid) + supplement 1 M DTT sol to make 2 mM DTT 
concentration before use 
S30B 14 mM Mg-glutamate, 60 mM K-glutamate, 5 mM Tris base (pH 8.2 - 
titrate with 2 M Tris base solution) + supplement 1 M DTT sol to make 1 
mM DTT concentration before use 





Amino acids* RTS Amino Acid Sampler kit (6 mM of each amino acid, except leucine 




700 mM HEPES (pH 8), 21 mM ATP, 21 mM GTP, 12.6 mM CTP, 12.6 
mM UTP, 2.8 mg/mL tRNA, 3.64 mM CoA, 4.62 mM NAD, 10.5 mM 
cAMP, 0.95 mM Folinic acid, 14 mM Spermidine + 420 mM 3-PGA 
Energy 
solution (PEP) 
700 mM HEPES (pH 8), 21 mM ATP, 21 mM GTP, 12.6 mM CTP, 12.6 
mM UTP, 2.8 mg/mL tRNA, 3.64 mM CoA, 4.62 mM NAD, 10.5 mM 
cAMP, 0.95 mM Folinic acid, 14 mM Spermidine + 420 mM PEP 
*[Sun et al., 2013. J Vis Exp 79, e50762] 
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Table 4.S3. Composition of cell-free systems for each bacterial species. 
E. coli 
Component Stock conc. Final conc. Volume* 
Lysate** 1 0.33** 28.5 µL 
Mg-glutamate 500 mM 9 1.54 µL 
K-glutamate 3 M 30 0.86 µL 
Amino Acids 6 mM each*** 1.5 mM each 21.38 µL 
Energy Solution (PGA) 14x 1x 6.11 µL 
PEG-8000 40% 2% 4.28 µL 
Water   1.47 µL 
 
E. fergusonii 
Component Stock conc. Final conc. Volume* 
Lysate** 1 0.3** 25.71 µL 
Mg-glutamate 500 mM 9 1.54 µL 
K-glutamate 3 M 30 0.86 µL 
Amino Acids 6 mM each*** 1.5 mM each 21.38 µL 
Energy Solution (PGA) 14x 1x 6.11 µL 
PEG-8000 40% 2% 4.28 µL 
Water   4.26 µL 
 
S. enterica 
Component Stock conc. Final conc. Volume* 
Lysate** 1 0.33** 28.17 µL 
Mg-glutamate 500 mM 6 1.03 µL 
K-glutamate 3 M 30 0.86 µL 
Amino Acids 6 mM each*** 1.5 mM each 21.38 µL 
Energy Solution (PGA) 14x 1x 6.11 µL 
PEG-8000 40% 2% 4.28 µL 
Water   2.32 µL 
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Table 4.S3. (Continued) 
K. oxytoca 
Component Stock conc. Final conc. Volume* 
Lysate** 1 0.3** 25.79 µL 
Mg-glutamate 500 mM 9 1.54 µL 
K-glutamate 3 M 90 2.57 µL 
Amino Acids 6 mM each*** 1.5 mM each 21.38 µL 
Energy Solution (PGA) 14x 1x 6.11 µL 
PEG-8000 40% 2% 4.28 µL 
Water   2.47 µL 
 
P. agglomerans 
Component Stock conc. Final conc. Volume* 
Lysate** 1 0.28** 23.52 µL 
Mg-glutamate 500 mM 6 1.03 µL 
K-glutamate 3 M 90 2.57 µL 
Amino Acids 6 mM each*** 1.5 mM each 21.38 µL 
Energy Solution (PGA) 14x 1x 6.11 µL 
PEG-8000 40% 2% 4.28 µL 
Water   5.26 µL 
 
P. putida 
Component Stock conc. Final conc. Volume* 
Lysate** 1 0.33** 28.5 µL 
Mg-glutamate 500 mM 9 1.54 µL 
K-glutamate 3 M 30 0.86 µL 
Amino Acids 6 mM each*** 1.5 mM each 21.38 µL 
Energy Solution (PGA) 14x 1x 6.11 µL 
PEG-8000 40% 2% 4.28 µL 
Water   1.47 µL 
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Table 4.S3. (Continued) 
V. natriegens 
Component Stock conc. Final conc. Volume* 
Lysate** 1 0.31** 26.23 µL 
Mg-glutamate 500 mM 6 1.03 µL 
K-glutamate 3 M 90 2.57 µL 
Amino Acids 6 mM each*** 1.5 mM each 21.38 µL 
Energy Solution (PGA) 14x 1x 6.11 µL 
PEG-8000 40% 2% 4.28 µL 
Water   2.55 µL 
 
B. subtilis 
Component Stock conc. Final conc. Volume* 
Lysate** 1 0.32** 27.67 µL 
Mg-glutamate 500 mM 9 1.54 µL 
K-glutamate 3 M 0 0 µL 
Amino Acids 6 mM each*** 1.5 mM each 21.38 µL 
Energy Solution (PGA) 14x 1x 6.11 µL 
PEG-8000 40% 2% 4.28 µL 
Water   3.16 µL 
 
C. glutamicum 
Component Stock conc. Final conc. Volume* 
Lysate** 1 0.33** 28.5 µL 
Mg-glutamate 500 mM 9 1.54 µL 
K-glutamate 3 M 90 2.57 µL 
Amino Acids 6 mM each*** 1.5 mM each 21.38 µL 
Energy Solution (PGA) 14x 1x 6.11 µL 
PEG-8000 40% 2% 4.28 µL 
Water   0 µL 
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Table 4.S3. (Continued) 
L. lactis 
Component Stock conc. Final conc. Volume* 
Lysate** 1 0.33** 28.5 µL 
Mg-glutamate 500 mM 6 1.03 µL 
K-glutamate 3 M 0 0 µL 
Amino Acids 6 mM each*** 1.5 mM each 21.38 µL 
Energy Solution (PEP) 14x 1x 6.11 µL 
PEG-8000 40% 2% 4.28 µL 
Water   2.84 µL 
*enough for ~8 single reactions 
**input as volumetric ratio decided based on total protein conc. of the lysate 
***except Leucine which is 5 mM 
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Table 4.S4. Plasmids and libraries used in this study. 
Plasmid Origin Antibiotic Description 
TOPO-F30-
Broccoli 
pBR322 Carbenicillin PGen_18145-F30-Broccoli* 
p70a-deGFP pBR322 Carbenicillin P70a-deGFP** 
pET28c-Ku pBR322 Kanamycin PT7-Ku from M. tuberculosis 
*[Filonov et al., 2014. J Am Chem Soc 136, 16299-308] 
**[Sun et al., 2013. J Vis Exp 79, e50762] 
 
Library Backbone Origin Antibiotic Related Figures 
RS234 pNJ1 p15A Carbenicillin Fig. 1B, 1C, 
Fig. S2A, C, D, E, Fig. S7 
RS29250 pNJ1 p15A Carbenicillin Fig. 1D, 1E, 
Fig. S2B, Fig. S3 
RS1383 pNJ1 p15A Carbenicillin Fig. 3, Fig. S1, 
Fig. S8, Fig. S9, Fig. S10,  
RS7003 pNJ1 p15A Carbenicillin Fig. 4, Fig. 5 
RS234 for Ko, 
Vn 
pNJ7 p15A Chloramphenicol Fig. S7 
RS234 for Pp pNJ3 pBBR1 Carbenicillin Fig. S7 
RS234 for Bs pNJ2.1 integrative, 
pBR322 
Chloramphenicol Fig. S7 
RS234 for Cg pNJ8  pCG1, 
p15A 
Kanamycin Fig. S7 
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Table 4.S5. Primers used in this study. 
Primers Description Sequence (5’-3’) 
GFP-RT Reverse transcription from GFP TCAGATAGTGATTGTCTGG 
mCherry-RT Reverse transcription from mCherry TACATCCCACAACGAAG 
3'-Adaptor* Adaptor for 3’-cDNA end ligation /5Phos/NNATGTACTCTGCGTTG
ATACCACTGCTT/3SpC3/ 














Amp1-R*** Rev primer for 1st amplification of 




Amp2-F**** Fwd primer for 2nd amplification CAAGCAGAAGACGGCATACGA
GAT[NNNNNN]GTGACTGGAGT
TCAGACGTGTGCTCTTC 
Amp2-R Rev primer for 2nd amplification AATGATACGGCGACCACCGAG
ATCTACACTCTTTCCCTACACG
ACGCTCTTCCGATCT 
*/5Phos/: 5’-phosphorylation, /3SpC3/: 3’-spacer C3 
**rN: RNA bases 
***[NNN]: with variable lengths (NNN, NNNN, NNNNN, NNNNNN) for staggering 





Supplementary Figure 4.S1. DNA regulatory sequence analysis in cell-free transcription 
systems. (a) Microarray synthesis, library cloning, and high-throughput characterization of 
regulatory sequences using targeted sequencing of RNA and DNA. (b) Phylogenetic origins, (c) 
GC content distribution, (d) functional categories of genes where the sequences mined from and 





Supplementary Figure 4.S2. Robustness of DRAFTS transcriptional measurements in E. coli 
cell-free expression system. Comparison of transcriptional profiles (Tx) of regulatory sequences 
across (a) technical replicates, (b) alternate barcodes, (c) alternate reporter genes, (d) reaction 
times, and (e) input DNA concentrations. All measurements except (a) are based on merged counts 
from two technical replicates. Sample sizes (n) and Pearson correlation coefficients (r) can be 





Supplementary Figure 4.S3. Transcription start site and motif analysis of library regulatory 
sequences. Primary TSS distributions (a) in vitro and (b) in vivo, with example read position 
distributions for example regulatory sequences containing (c) a single and (d) two TSSs. Motif 
analysis on all, strong 5%, and weak 5% promoters from (e) in vitro or (f) in vivo measurements 




Supplementary Figure 4.S4. Transcriptional and translational yields from diverse cell-free 
expression systems. (a) Broccoli and (b) GFP expression over 8 hours. For Broccoli expression, 
12.5 nM of TOPO-F30-Broccoli plasmid was used as a template (50 nM for L. lactis). For GFP 
expression, 25 nM of p70a-deGFP plasmid was used as a template. Shaded regions represent 





Supplementary Figure 4.S5. RecBCD inhibitors enhance the stability and activity of linear DNA 
templates in E. coli cell-free expression systems. (a) Nuclease inhibiting mechanisms of GamS, 
Chi, and Ku. Unlike GamS and Chi, Ku from non-homologous end joining (NHEJ) pathway of 
Mycobacterium tuberculosis binds to ends of the linear DNA template, blocking access of nuclease 
complex to the DNA template. (b) Various concentrations of RecBCD inhibitors were tested. (c) 
Examination of flanking sequence length influence on linear DNA stability in presence of three 
RecBCD inhibitors. Negative control experiments were performed for Ku without DNA template 
to show fluorescence signals after 3-4 hours of cell-free reaction with Ku is non-specific signals. 
Commercial E. coli cell-free expression system and GamS protein (Arbor Bioscience) were used 







Supplementary Figure 4.S6. Transcription of Broccoli from a linear DNA template in diverse 
cell-free expression systems. While GamS and Chi sequence show strong specificity against 
RecBCD complex from E. coli or from closely related bacterial species, Ku could protect the linear 
DNA template in a broader range of bacterial species, except in P. putida, where none of the 
nuclease inhibitors worked for protection. Commercial E. coli cell-free expression system and 
GamS protein (Arbor Bioscience) were used for E. coli plot shown. Shaded regions represent 




Supplementary Figure 4.S7. Comparison of in vitro and in vivo transcriptional measurements in 
7 bacterial species. Transcriptional profile (Tx) correlations between in vivo and in vitro 
measurements in E. coli, S. enterica, K. oxytoca, P. putida, V. natriegens, B. subtilis, and C. 
glutamicum. All transcriptional measurements were made using template-switching adaptor 




Supplementary Figure 4.S8. Examination of library DNA abundances identifies sequences 
subject to restriction enzyme digest in Lactococcus lactis. (a) Correlation of construct abundances 
from DNA amplicon sequences after 30-minute incubation in cell extracts from 10 species. (b) 
Box plots of DNA abundance distributions and (c) artificially inflated transcriptional activity (Tx) 
calculations for 182 regulatory sequences that are depleted by >2-fold in L. lactis. (d) Enriched 
motifs in L. lactis depleted sequences with the number of sequences (n) and motif E-values from 
MEME listed above each logo. The CCNGG motif had the most hits (151 sites from 182 
sequences, 83%) and corresponded to a restriction enzyme (ScrFIR) found in L. lactis genome. All 




Supplementary Figure 4.S9. Comparisons of RS1383 transcriptional profiles across 10 bacterial 
species using DRAFTS. (a) Box plot of transcriptional activity (Tx) distributions for each species. 
(b) Scatter plot matrix of in vitro transcriptional activity comparisons for 10 species. (c) Principal 




Supplementary Figure 4.S10. Functional category of regulatory sequence gene origin does not 
influence activity. Box plots of transcriptional activity (Tx) in 10 species for RS1383 antibiotic 




Supplementary Figure 4.S11. Transcriptional activities from dual-species hybrid lysates. (a) 
Time course profile of Broccoli transcription in 5 single-species source lysates. (b) Time course 
profile of Broccoli transcription in 7 dual-species hybrid lysates. Blue: Observed Broccoli 
intensity, Grey: Negative control without DNA template, Black: Broccoli intensity predicted by 
an additive model summing Broccoli intensities from constituent single-species lysates. Shaded 




Supplementary Figure 4.S12. Translational activities from dual-species hybrid lysates. (a) Time 
course profile of GFP translation in 5 single-species source lysates. (b) Time course profile of GFP 
translation in 7 dual-species hybrid lysates. Green: Observed GFP intensity, Grey: Negative 
control without DNA template, Black: GFP intensity predicted by an additive model summing 
GFP intensities from constituent single-species lysates. Shaded regions represent standard 






Generalizable strategies for overcoming restriction enzyme barriers of 
genetically intractable bacteria. 
 
 







Many industrially and biomedically important bacteria are difficult to genetically 
manipulate. This is in large part due to the presence of defense systems that target foreign DNA. 
Restriction-modification systems recognize and degrade DNA by identifying the presence or 
absence of specific methylation patterns. These systems are found in the vast majority of bacteria, 
many of which have large repertoires. In this chapter we discuss ongoing work towards 
circumventing this barrier in human commensal species. First, we first characterized the restriction 
repertoires of several Bacteroides species through a combination of genomic analysis and 
methylome sequencing. We then developed an algorithm (REAPR) to rationally recode plasmid 
sequences such that they lack user-specified restriction cut sites. We discuss the recoding of two 
plasmids and also remaining challenges that need to be overcome. Lastly, we discuss efforts to 
construct a library of methyltransferases that can be used to create specific methylation patterns 





Transformation and stable maintenance of DNA is a prerequisite for both basic genetic 
analysis and rational engineering of biological systems. Introduction of transgenic DNA is 
necessary for routine genetic methods including the expression of heterologous genes, gene 
knockouts, and other genome editing techniques1-3. While these methods have become routine for 
use in model species like Escherichia coli, many species, including those that are host-associated, 
remain difficult to transform and as a result, we lack efficient genetic tools for most bacteria4.  
High-throughput methods, such as those described in previous chapters5 and also techniques like 
genome-wide transposon mutagenesis6,7 require high efficiency transformation to achieve large 
library sizes, and are thus difficult to extend to many bacteria of interest. There are several reasons 
for these difficulties, including lack of optimized transformation protocols for many species. 
However, the primary barrier is likely the presence of bacterial defense mechanisms such as 
restriction-modification and CRISPR systems that selectively target and degrade foreign DNA8-12. 
While these systems play a crucial role protecting cells from invading phage and plasmid DNA in 
nature, they present a formidable barrier to genetic engineering in laboratory settings. 
Due to their ubiquity and preference for short DNA sequences, restriction-modification 
(RM) systems are likely the primary barrier to transformation of heterologous DNA9. RM systems 
primarily distinguish their endogenous genetic material from foreign through the methylation of 
specific sequence motifs, which are thereby protected from restriction enzyme activity. The 
methyltransferase functions of these systems can create three types of base modifications through 
methylation of adenine (6-methyl adenine) or cytosine (4- or 5- methyl cytosine). There are also 
more obscure systems involving other modifications such as phosphothioation, however these 
have only been biochemically examined in a few cases13. There are four main classes of RM 
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systems (Types I-IV), distinguished by their subunit architectures. Type I systems split their DNA 
binding, methylation, and restriction functions between separate proteins14. These subunits can 
assemble into a variety of architectures, recognize bipartite motifs and cut far from their binding 
sites. Type II systems are typically composed of separate proteins for restriction and modification 
function, which both have DNA binding capabilities. These systems typically recognize 4-8 bp 
motifs, which are often palindromic, and are widely used in molecular cloning applications15. Type 
III divide their functions similar to Type II systems, however they often methylate one strand of 
non-palindromic motifs, have considerable diversity in their architectures and their DNA-cleavage 
mechanisms require interactions between distinct binding sites16. Type IV methyltransferases 
recognize and cleave DNA with foreign methylation patterns17. Most bacterial genomes contain 
multiple RM systems, often from different types9. Due to their crucial role in the evolutionary arms 
race between bacteria and phage, these defense systems evolve rapidly and are often horizontally 
transferred, leading to considerable diversity in restriction repertoires, even at sub-strain 
phylogenetic resolution18.  
Previous studies have employed several strategies to circumvent the restriction barrier. One 
approach is to mimic the target organism’s DNA methylation pattern through expression of the 
target organism’s endogenous methyltransferases in the shuttle E. coli strain used for plasmid 
purification or conjugation, mimicking its methylation pattern and protecting the transforming 
DNA from restriction enzyme activity. This approach has been shown to increase of 
transformation efficiency over several orders of magnitude in diverse bacterial species19,20.  
However, this approach may be difficult to implement for organisms with large RM system 
repertoires or contain modifications that are toxic to the shuttle strain, and may be impractical for 
studies involving multiple organisms. Another approach utilizes Phage proteins that have evolved 
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to inhibit bacterial defense systems. Co-transformation of plasmids and restriction enzyme 
inhibitors from phage have been shown to increase transformation efficiency, although the 
activities of these proteins are expected to be phylogenetically limited and are of no use for strict-
anaerobes for which transformation must occur by conjugation21.  
Another approach is to reduce the susceptibility of the transformed DNA through removal 
of restriction sites from vectors. Increased transformation into C. difficile was observed after 
several Type II sites were removed from a plasmid22. This approach has become increasingly 
viable due to advancements in methods for identifying base modifications through sequencing. 
Single-molecule real-time sequencing (SMRT) can identify 6mA and 4mC (but not 5mC), through 
kinetic perturbations measured during nucleotide incorporation by DNA polymerase created by 
the methyl groups23-25. Bisulfite conversion has long been used to identify 5-mC modifications and 
is now routinely combined with high-throughput sequencing to measure genome-wide CpG 
methylation in eukaryotic systems. Recently, these technologies have been used to characterize 
the methylomes of hundreds of bacterial strains, giving a broad picture of the diversities of 
restriction barriers in nature9,12,26.  In a promising recent study, removal of restriction sites in a 
Staphylococcus aureus shuttle vector through rational recoding resulted in a >100,000-fold 
increase in transformation efficiency, highlighting the viability of this approach27.   
Here we provide a detailed examination of the restriction barriers in several commensal 
species though methylome sequencing.  We also present ongoing efforts to overcome host 
restriction systems in order to transform DNA at high efficiency into difficult-to-transform species 




Restriction-modification repertoires of commensal Bacteroides species 
 We first sought to identify the active restriction repertoire of five commensal Bacteroides 
species B. thetaiotaomicron (abbreviated B. theta), B. fragilis, B. ovatus, B. vulgatus and B. 
uniformis. We then used single molecule real time sequencing (SMRT) to measure genome-wide 
methylation profiles for each strain, except B. uniformis. Across all four species we identified 16 
motifs, each containing the modification 6-methyladenine. While SMRT sequencing can also 
identify 4-methylcytosine, it struggles to detect motifs containing 5-methylcytosine without 
further enzymatic modification. All motifs, except those that were Dam-like, were unique to each 
species, highlighting the rapid evolution of bacterial defense systems. All genomes except B. 
vulgatus contained motif structures indicative of both Type I and Type II/III restriction 
modification systems as identified by their gapped and ungapped structures respectively (Table 
5.1). All species had fewer methylated motifs than annotated methyltransferase subunits, 
indicating that not all RM systems were active in the cell populations we sequenced. (Table 5.2). 
Some species also had Type IIG systems which have fused and restriction and modification 
subunits. No species had annotated Type IV systems. 
We then sought to determine the susceptibility of two Bacteroides plasmids, pFD340 a 
replicative plasmid, and pSAM-BT a plasmid harboring a Bacteroides-specific transposon, by 
counting the number of putative restriction sites and their locations of each motif (Figure 5.1) 
found in each sequence. By scanning each for all 23 motifs, we identified 95 and 156 and 95 
potential restriction sites in pSAM-BT and pFD340. These findings suggest that our plasmids are 
potentially highly susceptible to the restriction enzyme repertoires of the target organisms, which 




Removal of methylated motifs via Restriction Enzyme Avoidance through Plasmid Recoding 
(REAPR) 
 The decreasing cost of synthesizing long DNA fragments has made plasmid redesign an 
attractive strategy for bypassing the restriction barrier. We developed the REAPR algorithm as a 
means to systematically identify and edit plasmid sequences in silico so that they lack restriction 
sites for a target species or group of organisms (Figure 5.2). REAPR requires a genbank file 
containing the plasmid sequence to be recoded and annotations for all of its features, as well as the 
restriction site motifs to be removed and an annotated genome file for the target organism. The 
algorithm first identifies the positions of all motifs and whether or not they occur within an 
annotated feature such as a coding sequence. Motifs found within regions containing no plasmid 
features are randomly mutated to disrupt the restriction sites. If a motif is found within a coding 
sequence, an overlapping codon is selected and mutated to the synonymous variant most frequently 
used in the target organism’s genome. The effects of a mutation in an annotated non-coding feature 
such as a promoter, RBS, terminator, or origin of replication may be difficult to predict.  In these 
cases, the user can specify whether or not to introduce a random mutation to disrupt the restriction 
site. Oftentimes non-coding features are poorly annotated. For example, promoter features often 
lack nucleotide resolution annotations for -10 and -35 sites, or transcription factor operator 
sequences. However, when these annotations are available, the user can specify specific classes to 
avoid mutating. Lastly, REAPR scans the recoded plasmid to ensure the recoding did not introduce 
any new motif instances.  It may be necessary to include remove additional motifs such as those 
recognized by Type IIS restriction enzymes which are used for Golden Gate assembly. The current 
version of REAPR removes BsaI sites (5’GGTCTC3’) by default. DNA synthesis companies may 
also have additional criteria that need to be taken into consideration. 
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 Using REAPR we recoded pSAM-BT and pFD340 to remove all non-GATC motifs that 
were methylated in the genomes of our four Bacteroides species, with 108 and 63 mutations 
introduced respectively (Figure 5.3). Although our B. ovatus strain has a restriction enzyme that 
targets GATC, the endogenous dam activity in a shuttle E. coli strain should modify and protect 
those sites from digestion. The provider used for our initial synthesis attempt had a size limit of 
1.8 Kb / fragment, necessitating splitting the plasmids into fragments (3 for pSAM-BT, 5 for 
pFD340) for later assembly. Unfortunately, several fragments could not be synthesized by this 
provider. For most fragments this was due to regions of low GC content or the presence of repeat 
sequences which are challenging to synthesize and assemble. We plan to include future 
improvements to the REAPR algorithm to take these synthesis criteria into consideration. At the 
time of writing, the recoded version of pFD340 is being synthesized by a different provider. 
Ultimately, we hope to construct high-efficiency transformation vectors that enable extension of 
the methods described in the previous chapters to Bacteroides and other difficult to transform 
bacteria. 
 
Progress towards construction of a DNA methyltransferase library 
 While  the plasmid recoding approach described in the previous section may prove to be a 
convenient strategy for circumventing the restriction barrier, plasmid synthesis and reassembly 
can take weeks to complete. For those interested in a particular organism with known methylation 
patterns, methylation mimicry may be an attractive option for transformation20. Previous studies 
cloned individual methyltransferases from a target organism and expressed them in an E. coli 
donor to modify a target plasmid. However, restriction repertoire specificities often vary at the 
sub-strain level, motifs are often shared across different bacteria, and it may not always be ideal 
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to directly clone methyltransferases from organism which may be poorly expressed or toxic due 
to variations in codon usage or GC content. 
 We sought to assemble a synthetic library of methyltransferases covering many specificities 
commonly used by bacteria (Figure 5.4). Due to their ubiquity, short sequence specificity 
(typically 4-6 bp), and simple architectures, we focused mostly on Type II systems. We 
downloaded the protein sequences of all known Type II methyltransferases from REBASE and 
filtered out sequences lacking high-confidence binding specificity predictions. Next, we grouped 
sequences that shared common specificities, within which we selected single representative 
proteins, preferring those with short length, standard domain architectures, and those mined from 
organisms with growth temperatures close to that of E. coli (25-37%). For methyltransferases 
predicted to be heterodimers, both subunits were selected. We also selected a few Type I and Type 
III methyltransferases, including any associated DNA binding specificity subunits. We then codon-
optimized our sequences for expression in E. coli and assembled any multi-component systems 
into operons, separated by a strong ribosome binding site and flanked with NdeI and PstI restriction 
sites. The resulting library contained 298 sequences, totaling nearly 500,000 bp. At the time of 
writing, 100 sequences have been successfully synthesized. 
 While our library will likely be very convenient for in vivo methylation mimicry, we believe 
there is high potential for its use in vitro. A study in a genetically-intractable Helicobacter pylori 
strain showed that successful transformation could be achieved through incubation of plasmid 
DNA in a cell lysate28. While this approach did not achieve sufficiently high transformation 
efficiencies for high-throughput applications, likely due to the simultaneous action of restriction 
enzymes on the DNA, it did demonstrate the potential of in vitro methylation approaches. Cell-
free TX-TL systems are convenient platforms for expressing proteins29 and they have recently 
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been used to characterize CRISPR defense systems30. Our next steps will aim to verify the activity 
of these methyltransferases after in vitro expression. If successful, it should be possible to endow 




 The strains used in this study are B. thetaiotaomicron VPI-5482, B. fragilis ATCC25284, B. 
ovatus ATCC8483, B. vulgatus ATCC8482, and B. uniformis 8492. Genomic DNA for SMRT 
sequencing was extracted from 2 mL of stationary phase cultures grown anaerobically in GAM 
media for 48 hours using the Epicentre MasterPure Gram Positive kit. Excessive vortexing was 
avoided to ensure large fragment sizes, which are necessary to obtain long reads during SMRT 
sequencing. Libraries were sequenced on a PacBio Sequel machine by SNPsaurus (Eugene, 
Oregon). Genome assembly and modification detection were carried out using an AWS SMRT 
Portal (https://github.com/PacificBiosciences/Bioinformatics-Training/wiki/%22Installing%22-
SMRT-Portal-the-easy-way---Launching-A-SMRT-Portal-AMI). The restriction-modification 
systems in each species were identified using the REBASE database18. The methyltransferase 





1 Baba, T. et al. Construction of Escherichia coli K-12 in-frame, single-gene knockout 
mutants: the Keio collection. Mol Syst Biol 2, 2006 0008, doi:10.1038/msb4100050 (2006). 
2 Sawitzke, J. A. et al. Recombineering: highly efficient in vivo genetic engineering using 
single-strand oligos. Methods Enzymol 533, 157-177, doi:10.1016/B978-0-12-420067-
8.00010-6 (2013). 
3 Wang, H. H. et al. Programming cells by multiplex genome engineering and accelerated 
evolution. Nature 460, 894-898, doi:10.1038/nature08187 (2009). 
 161 
4 Waller, M. C., Bober, J. R., Nair, N. U. & Beisel, C. L. Toward a genetic tool development 
pipeline for host-associated bacteria. Curr Opin Microbiol 38, 156-164, 
doi:10.1016/j.mib.2017.05.006 (2017). 
5 Johns, N. I. et al. Metagenomic mining of regulatory elements enables programmable 
species-selective gene expression. Nature Methods 15, 323-+, doi:10.1038/nmeth.4633 
(2018). 
6 van Opijnen, T., Bodi, K. L. & Camilli, A. Tn-seq: high-throughput parallel sequencing 
for fitness and genetic interaction studies in microorganisms. Nat Methods 6, 767-772, 
doi:10.1038/nmeth.1377 (2009). 
7 Goodman, A. L. et al. Identifying genetic determinants needed to establish a human gut 
symbiont in its habitat. Cell Host Microbe 6, 279-289, doi:10.1016/j.chom.2009.08.003 
(2009). 
8 Meselson, M. & Yuan, R. DNA restriction enzyme from E. coli. Nature 217, 1110-1114 
(1968). 
9 Blow, M. J. et al. The Epigenomic Landscape of Prokaryotes. PLoS Genet 12, e1005854, 
doi:10.1371/journal.pgen.1005854 (2016). 
10 Hille, F. et al. The Biology of CRISPR-Cas: Backward and Forward. Cell 172, 1239-1259, 
doi:10.1016/j.cell.2017.11.032 (2018). 
11 Doron, S. et al. Systematic discovery of antiphage defense systems in the microbial 
pangenome. Science 359, doi:10.1126/science.aar4120 (2018). 
12 Ofir, G. et al. DISARM is a widespread bacterial defence system with broad anti-phage 
activities. Nat Microbiol 3, 90-98, doi:10.1038/s41564-017-0051-0 (2018). 
13 Tong, T. et al. Occurrence, evolution, and functions of DNA phosphorothioate epigenetics 
in bacteria. Proc Natl Acad Sci U S A 115, E2988-E2996, doi:10.1073/pnas.1721916115 
(2018). 
14 Loenen, W. A., Dryden, D. T., Raleigh, E. A. & Wilson, G. G. Type I restriction enzymes 
and their relatives. Nucleic Acids Res 42, 20-44, doi:10.1093/nar/gkt847 (2014). 
15 Roberts, R. J. How restriction enzymes became the workhorses of molecular biology. Proc 
Natl Acad Sci U S A 102, 5905-5908, doi:10.1073/pnas.0500923102 (2005). 
16 Rao, D. N., Dryden, D. T. & Bheemanaik, S. Type III restriction-modification enzymes: a 
historical perspective. Nucleic Acids Res 42, 45-55, doi:10.1093/nar/gkt616 (2014). 
17 Loenen, W. A. & Raleigh, E. A. The other face of restriction: modification-dependent 
enzymes. Nucleic Acids Res 42, 56-69, doi:10.1093/nar/gkt747 (2014). 
18 Roberts, R. J., Vincze, T., Posfai, J. & Macelis, D. REBASE--a database for DNA 
restriction and modification: enzymes, genes and genomes. Nucleic Acids Res 43, D298-
299, doi:10.1093/nar/gku1046 (2015). 
19 O'Connell Motherway, M., O'Driscoll, J., Fitzgerald, G. F. & Van Sinderen, D. 
Overcoming the restriction barrier to plasmid transformation and targeted mutagenesis in 
Bifidobacterium breve UCC2003. Microb Biotechnol 2, 321-332, doi:10.1111/j.1751-
7915.2008.00071.x (2009). 
20 Zhang, G. et al. A mimicking-of-DNA-methylation-patterns pipeline for overcoming the 
restriction barrier of bacteria. PLoS Genet 8, e1002987, doi:10.1371/journal.pgen.1002987 
(2012). 
21 Zavil'gel'skii, G. B. & Rastorguev, S. M. [Antirestriction proteins ardA and Ocr as effective 
inhibitors of the type I restriction-modification enzymes]. Mol Biol (Mosk) 43, 264-273 
(2009). 
 162 
22 Purdy, D. et al. Conjugative transfer of clostridial shuttle vectors from Escherichia coli to 
Clostridium difficile through circumvention of the restriction barrier. Mol Microbiol 46, 
439-452 (2002). 
23 Levene, M. J. et al. Zero-mode waveguides for single-molecule analysis at high 
concentrations. Science 299, 682-686, doi:10.1126/science.1079700 (2003). 
24 Eid, J. et al. Real-time DNA sequencing from single polymerase molecules. Science 323, 
133-138, doi:10.1126/science.1162986 (2009). 
25 Flusberg, B. A. et al. Direct detection of DNA methylation during single-molecule, real-
time sequencing. Nat Methods 7, 461-465, doi:10.1038/nmeth.1459 (2010). 
26 Fang, G. et al. Genome-wide mapping of methylated adenine residues in pathogenic 
Escherichia coli using single-molecule real-time sequencing. Nat Biotechnol 30, 1232-
1239, doi:10.1038/nbt.2432 (2012). 
27 Johnston, C. D. C., S.L.; Rittling, S.R.; Starr, J.R.; Borisy, G.; Dewhirst, F.; Lemon, K.P. 
SyngenicDNA: stealth-based evasion of restriction-modification barriers during bacterial 
genetic engineering. BioRxiv (2018). 
28 Donahue, J. P., Israel, D. A., Peek, R. M., Blaser, M. J. & Miller, G. G. Overcoming the 
restriction barrier to plasmid transformation of Helicobacter pylori. Mol Microbiol 37, 
1066-1074 (2000). 
29 Garamella, J., Marshall, R., Rustad, M. & Noireaux, V. The All E. coli TX-TL Toolbox 
2.0: A Platform for Cell-Free Synthetic Biology. ACS Synth Biol 5, 344-355, 
doi:10.1021/acssynbio.5b00296 (2016). 
30 Marshall, R. et al. Rapid and Scalable Characterization of CRISPR Technologies Using an 





Table 5.1. Methylated motifs identified through SMRT sequencing. Listed are the consensus motif 
sequences, modified base positions, percentage of sites methylated, and the predicted RM system 
type.  All modifications are for 6-methyladenine.  
 
Species Motifs Position(s) Modified % Type 
B. vulgatus CAAGNNNNNNNTRRG 3,12 96.35, 95.05 I 
 CACNNNNNRTG 2 92.71 I 
B. fragilis GANGGAG 6 96.86 IIG 
 RAYCNNNNNGTC 2 96.75 I 
 TCANNNNNNCTNG 3,11 96.4, 95.07 I 
 ATGCAT 5 95.95 II 
 CYCAT 4 94.74 III 
B. ovatus CAGNNNNNGGA 2 96.94 I 
 GATGNAG 6 96.74 IIG 
 GATC 2 96.68 II 
 AGYNNNNNGTG 1,10 69.63,62.2 I 
B. theta AATCC 2 94.11 III 
 RGATCY 3 91.46 II 
 CCANNNNNNNTAC 3,12 89.85,86.47 I 
 GGCANNNNNNNRTTT 3 78.38 I 




Table 5.2. Restriction repertoires of 4 Bacteroides species. Listed are the number of restriction 
(R) and modification (M) subunits annotated in each genome in the REBASE database, as well as 
the number of detected methylated motifs from SMRT sequencing.  
 
Species # R subunits # M subunits # Motifs 
B. vulgatus 3 5 2 
B. fragilis  7 9 5 
B. ovatus 7 16,11* 4 
B. theta 6 10 5 
 
* B. ovatus contained RM systems that use methyltransferases with heterodimeric architectures. 
These could be identified based on their colocalization on the genome. Listed are the total number 






Figure 5.1. Restriction site occurrence on two plasmids. Bar charts displaying the number of hits 
per for each motif on pFD340 (left) and pSAM-BT (right) plasmids with totals of 156 and 95 found 




Figure 5.2. Restriction Enzyme Avoidance Plasmid Recoder algorithm (REAPR). Potential cut 
sites are identified and rationally mutated to disrupt restriction activity. An example recoding event 











Figure 5.3. Recoding of two Bacteroides plasmids using REAPR. All non-GATC motifs were 
recoded to avoid restriction activity. A total of 108 and 63 positions were removed in pFD340 






Figure 5.4. Approach for designing a methyltransferase enzyme library. (a) Mining of candidate 
methyltransferase genes for synthesis. (b) Frequency of motif utilization across bacteria. (c) 
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Metagenomic mining of regulatory elements enables 
programmable species-selective gene expression
Nathan I Johns1,2,13, Antonio L C Gomes1,12,13  , Sung Sun Yim1  , Anthony Yang3  , Tomasz Blazejewski1,2, 
Christopher S Smillie4, Mark B Smith5, Eric J Alm4–7, Sriram Kosuri8–10  & Harris H Wang1,11  
Robust and predictably performing synthetic circuits rely on 
the use of well-characterized regulatory parts across different 
genetic backgrounds and environmental contexts. Here we 
report the large-scale metagenomic mining of thousands 
of natural 5` regulatory sequences from diverse bacteria, 
and their multiplexed gene expression characterization in 
industrially relevant microbes. We identified sequences 
with broad and host-specific expression properties that 
are robust in various growth conditions. We also observed 
substantial differences between species in terms of their 
capacity to utilize exogenous regulatory sequences. Finally, 
we demonstrate programmable species-selective gene 
expression that produces distinct and diverse output patterns 
in different microbes. Together, these findings provide a rich 
resource of characterized natural regulatory sequences and 
a framework that can be used to engineer synthetic gene 
circuits with unique and tunable cross-species functionality 
and properties, and also suggest the prospect of ultimately 
engineering complex behaviors at the community level.
Synthetic biology relies on well-characterized genetic compo-
nents for the modular assembly of increasingly sophisticated 
gene circuits with specified functions1. Recent advances in high-
throughput DNA sequencing and synthesis have greatly increased 
the ability to generate new genetic parts2. Natural enzymes and 
regulatory proteins have been systematically screened for new 
functionality3–5 , and noncoding cis-regulatory elements have 
been characterized to improve understanding of their biophysi-
cal parameters6 , parts composability7 , contextual robustness8, 
and regulatory logic9 for use in the construction of more com-
plex genetic systems. Most regulatory components are derived 
from mutational variants templated from a few sequences of 
limited genetic diversity10,11. The vast majority of parts used 
today are based on those from a few model organisms12, and 
their functionality in diverse genetic backgrounds and growth 
conditions remains poorly characterized. For many commer-
cially useful microbes, only a handful of regulatory parts have 
been rigorously tested, and these often have a limited range of 
expression13–18. Efforts to use exogenous regulatory parts in new 
hosts often fail because of differences in gene expression machin-
ery19. More universally compatible and portable regulatory sys-
tems have been proposed that use orthogonal regulators5 ,20–22, 
but these approaches still rely on endogenous machineries for 
initial activation, which are uncharacterized for most species. 
The development of regulatory parts with programmable host 
ranges could enable the use of new types of synthetic circuits 
to engineer diverse microbial communities for industrial and 
therapeutic applications23.
Here we report the mining of 184 microbial genomes to yield 
a diverse library of tens of thousands of natural regulatory 
sequences. We systematically quantified transcription and transla-
tion levels of these sequences across different bacterial species and 
growth conditions and developed species-selective gene circuits 
with distinct preprogrammed output patterns in different hosts. 
This data set expands the repertoire of prokaryotic regulatory 
sequences that can be used to build synthetic circuits with new 
layers of sophistication in multi-species bacterial communities.
RESULTS
Mining and characterization of natural regulatory 
sequences
To expand the phylogenetic breadth of useful promoters and 
translation initiation signals, we first mined 184 prokaryotic 
genomes for putative regulatory sequences (Fig. 1 , Online 
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Methods). These prokaryotes spanned major phylogenetic groups 
from diverse habitats and included industrially relevant species 
(Supplementary Fig. 1, Supplementary Table 1). We compiled a 
library of 29,249 uniquely barcoded regulatory sequences (RSs), 
with an average of 159 derived from each genome.
To determine the activity of each RS in the library, we used 
a previously described high-throughput GFP reporter system7  
(Fig. 1). The RS library was generated by microarray oligo 
synthesis, amplified, cloned as a pool into shuttle vectors 
(Supplementary Fig. 2) upstream of a super-folding GFP 
(sfGFP), and subsequently transformed into different species for 
characterization. To determine transcription levels of the RSs in 
the library, we used targeted RNA-seq and DNA-seq and nor-
malized each construct’s sfGFP mRNA read counts by its total 
DNA abundance in the population after filtering for sequencing 
and synthesis errors. These multiplex transcription measure-
ments showed high degrees of concordance between biological 
replicates and duplicate RSs with alternate barcodes (Pearson 
r = 0.88 and 0.86, respectively; Supplementary Fig. 3). RT-PCR 
measurements of individual library members were also highly 
correlated with the corresponding multiplex measurements 
(Supplementary Fig. 4a). To measure translational activity, we 
used FACS-seq to quantify sfGFP protein levels generated from 
each RS6,7 (Supplementary Fig. 4b). Flow cytometry measure-
ments of isolated library members showed high correlation with 
the population-derived FACS-seq library data (Supplementary 
Fig. 4c). Furthermore, transcription and translation measure-
ments obtained with an alternative reporter, mCherry, correlated 
well with GFP values (Supplementary Fig. 5).
Universal and host-specific patterns of transcriptional 
activation
To explore the transcriptional potential of our RS library in dif-
ferent bacterial hosts, we first transformed the library at high 
coverage into Bacillus subtilis, Escherichia coli, and Pseudomonas 
aeruginosa. B. subtilis is a soil Gram-positive Firmicute, whereas 
E. coli and P. aeruginosa are Gram-negative Proteobacteria that 
colonize diverse environments. We obtained transcriptional 
measurements from mid-exponential-phase cultures and gener-
ated a converged set of 11,319 regulatory constructs with high- 
confidence expression across each species. To enable compari-
sons of transcription profiles between species, we normalized 
transcription values in each species with endogenous control 
sequences present in the library, which we used as references to 
compare activity levels of RSs with those of sequences representa-
tive of each host’s native transcriptome (Online Methods).
We observed considerable differences in RS transcription activ-
ity between different hosts (Fig. 2a, Supplementary Table 2). 
B. subtilis had fewest measurably active RSs (18.9%, >-6 in 
log2), whereas E. coli and P. aeruginosa had substantially higher 
fractions of active RSs with measureable transcription activity 
(52.0% and 83.8%, respectively). In each species, expression 
levels spanned several orders of magnitude, indicating diverse 
transcriptional functionality across the library. Comparison of 
these expression profiles between species revealed four general 
groups: universally active (16.9%), differentially active in two of 
three species (33.3%), active in only one species (37.4%), and 
inactive in all three species (12.4%). In general, universally active 
RSs had lower GC contents than the overall library (Fig. 2b). 
We observed the converse on the host side, with each organism’s 
capacity to use exogenous RSs appearing to correspond with 
increasing genomic GC content: P. aeruginosa (66% GC) acti-
vated the largest fraction of RSs, followed by E. coli (50% GC) and 
B. subtilis (42% GC).
While closely related species might be expected to have regula-
tory systems that are more cross-compatible, this has not been 
systematically studied. We filtered the RS library phylogenetically 
for only donor sequences from Bacillaceae, Enterobacteracea, or 
Pseudomonaceae families and analyzed their activity in the three 
bacterial recipients. We identified distinct patterns of intra- ver-
sus inter-family transcriptional specificities (Fig. 2c). B. subtilis 
was able to activate 47.7% of donor Bacillaceae RSs, but only 
10.8% of Enterobacteracea and 3.2% of Pseudomonaceae RSs. 
E. coli and P. aeruginosa were better able to express foreign RSs, 
with each activating a larger fraction of all three donor RS families. 
Mined Bacillaceae sequences showed more broad-range activity 
(>45% of sequences) in all three recipients and a higher mean 
expression level, especially in non-Bacillaceae recipients 
(Fig. 2c). In contrast, Pseudomonaceae sequences were gener-
ally not expressed in B. subtilis and were expressed only at low 
levels in E. coli, highlighting the stringent host specificity of its 
regulatory signals.
We further delineated the regulatory architecture of each 
sequence by identifying transcription start sites (TSSs) on the 
basis of our targeted RNA-seq reads. Most TSSs fell between −20 
and −50 bp from the start codon (Supplementary Fig. 6), in 
agreement with known native promoter architectures in many 
bacteria24–26. This data set should improve efforts to model bac-
terial transcription and design new gene circuits. Together, these 
results highlight that prokaryotic genomes are a rich reservoir of 
functional regulatory parts with diverse cross-species properties 
that can be systematically quantified via high-throughput library 
synthesis and transcriptional profiling.
Because environmental and growth conditions induce changes 
in gene expression, we also explored the extent to which RS activity 
is dependent on growth phase or environmental conditions 





















































Figure 1 | High-throughput characterization of regulatory sequences from 
184 prokaryotic genomes. Unidirectional intergenic regions (>200 bp) 
were extracted from annotated genomes, trimmed to 165 bp, and assigned 
unique barcodes, flanking restriction sites, and amplification sequences. 
The regulatory library was then synthesized on an oligo microarray, 
amplified, cloned as a pool into species-specific vectors, and transformed 
into B. subtilis, E. coli, and P. aeruginosa recipients. Targeted RNA-seq, 
DNA-seq, and FACS-seq enable accurate multiplexed measurement of 
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experienced by the host. We measured RS transcriptional activ-
ity in E. coli under five different growth and stress conditions 
(Supplementary Fig. 7, Supplementary Table 3). Many RSs 
(17.3%) showed universally high activity across all conditions, 
whereas others showed differentially moderate or low transcrip-
tion activity (28.6% or 22.8%, respectively). TSSs tended to be 
highly conserved across growth conditions (Supplementary 
Figs. 7 and 8). To generate a set of RSs with robust untranslated 
regions and transcriptional activities across growth conditions 
in E. coli, we further filtered the RS library down to a list of 100 
sequences with a wide range of transcription activity from only 
a single TSS (Supplementary Fig. 7d). We expect this robust 
RS sublibrary to be a useful resource for designing circuits to 
be deployed in diverse environments. The use of diverse sequences 
might also improve DNA assembly efficiencies of larger and 
more complex gene circuits27, as well as better maintain their 
evolutionary stability28.
Predictive features of transcriptional activity
To identify RS features that govern transcription levels, we 
carried out de novo motif-finding using MEME29. For each 
host, we divided the promoter library into four groups on the 
basis of activity level (Supplementary Fig. 9a). A common 
motif was enriched in high-activity promoters in all recipi-
ents, which corresponded to the canonical binding motif for 
the housekeeping S70 factor (Fig. 3a). Searches for additional 
motifs yielded only degenerate versions of the core S70 motif 
(Supplementary Fig. 9b,c).
To develop a predictive model of transcription activity, we 
investigated three factors that could influence gene expression: 
promoter GC content, S70 binding affinity, and 5` mRNA stability. 
Promoter GC content indicates compositional preferences of 
sequence elements that could promote transcription. S70 is the 
dominant and most abundant S-factor and is responsible for tran-
scription of a wide array of housekeeping genes30,31. Secondary 
structure of mRNA affects the rate of mRNA decay32,33, which, 
in combination with the transcription rate, determines overall 
mRNA transcript levels. Each of the parameters correlated with 
measured transcription activity of the RS library (Fig. 3b). Higher 
promoter GC content was anticorrelated with transcription 
activity, whereas a match to the S70 binding motif was posi-
tively correlated with activity, as was lower RNA stability 
(i.e., higher $G folding energy). When we controlled for these 
parameters independently, we determined that the S70 bind-
ing motif was most informative for assessments of transcription 
activity (Supplementary Fig. 10). Integration of these param-
eters into a linear regression model generated predictive powers 
of 32%, 69%, and 54% for the variances of transcription activity in 
B. subtilis, E. coli, and P. aeruginosa, respectively (Fig. 3c). These 
results demonstrate that a simple model can explain a consider-
able fraction of the variation observed in transcriptional activity 
within different hosts.
Translational activity of regulatory sequences across hosts
Whereas transcriptional activation in bacteria is mediated 
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Figure 2 | Transcriptional activity of the regulatory library across three diverse species. (a) Transcriptional activity of 11,319 RSs measured in B. subtilis, 
E. coli, and P. aeruginosa, shown as log2 (RNA/DNA) ratios normalized by the mean activity of control sequences (Online Methods). Host-specific groupings 
are annotated above the heat map, and general categories are annotated below it. (b) Overlaid histograms of GC content distributions for the RS library 
and the universally active subset, highlighting the AT bias of active RSs. (c) Activity profiles of RSs from three distinct phylogenetic groups measured in 
each recipient species, shown as the active RS fraction (left) and as normalized activity (right). Box plots (black) displaying the interquartile range (IQR) 
with median values (white dots) and whiskers extending to the highest and lowest points within 1.5× the IQR are shown over each violin plot. Cases where 
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polymerase complex, translational initiation is mediated by 
interactions between ribosomal subunits and the mRNA tran-
script. In silico modeling of factors that govern ribosomal ini-
tiation has allowed the generation of predictive algorithms for 
bacterial translation rates28. However, the cross-compatibility 
of translation-initiation sequences from different species has 
not been characterized. To tackle this challenge, we used FACS-
seq6,7 to systematically quantify the amount of fluorescence gen-
erated from each RS in our library in high throughput across 
three recipients (Fig. 4a). Across the recipients, we identified a 
shared set of 8,898 RSs that spanned nearly three orders of mag-
nitude of fluorescence (Supplementary Fig. 11a), with 3.3% 
of the library (290 constructs) expressing GFP in all species 
(Supplementary Fig. 11b). Examination of sequences in the 
region upstream of highly translated library members revealed 
enrichment of A and G bases centered ~10 bp upstream from 
the start codon (Supplementary Fig. 11c).
To probe the differential effects of transcription and translation 
requirements for gene expression across recipients and for differ-
ent donor groups, we stratified the regulatory activation profile of 
the RS library across bins of transcription and translation levels 
(Fig. 4b). Overall, higher transcriptional activity was associated 
with higher GFP levels, although translation rates varied widely 
even for highly transcribed RSs. Normalization over transcription 
or translation bins highlighted distinct patterns of regulatory spe-
cificity associated with RNA or protein generation. RSs belonging 
to low-transcription bins generally did not yield GFP signal, thus 
indicating that transcription is a key barrier in gene expression in 
such cases. Although P. aeruginosa was able to transcribe a large 
fraction of the RS library (83%), only 9% of those RNA species 
ultimately yielded notable GFP fluorescence, which may reflect 
incompatibilities at the level of translation (Fig. 4c). In contrast, 
among actively transcribed sequences, B. subtilis and E. coli were 

































































































































































































Figure 3 | Assessing regulatory features that govern transcriptional activity. (a) Distributions of transcriptional activity for each host. A subset of 200 
sequences from the top 10% of the most active promoters (red) in each recipient were used for separate motif analyses, which yielded the dominant S70 
motif (sequence logos above plots). (b) Transcription activity is correlated with biophysical parameters: mRNA structural stability (left), promoter GC content 
(center), and maximum S70 match score (right). Activities for each feature window are shown as mean o s.e., with n > 10 for each point shown. Windows 
with <10 observations are grouped with the nearest neighbor. (c) Linear regression model using the three biophysical parameters. Excluding promoters used 
to identify the S70 motif, the training and test sets for the regression model corresponded to 10% and 90% of the data, respectively. A subset of 500 points 
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transcripts. Interestingly, RSs from Firmicutes species showed 
high potential to be both transcribed and translated in each host 
organism (Supplementary Fig. 12a). In contrast, although RSs 
from Proteobacteria species could be transcribed and translated 
in E. coli and P. aeruginosa, they were often either not transcrip-
tionally active in B. subtilis or further translationally limited even 
for transcribed RNAs (Supplementary Fig. 12b). We additionally 
assessed the transcription activity and translation efficiency of 
212 RSs that contained both active transcription and translation 
data across all species (Supplementary Fig. 13a). We determined 
the translation efficiency of each RS by normalizing its GFP level 
to its transcription level. We found that between recipients, only 
E. coli and P. aeruginosa showed strong correlations between 
RSs in terms of transcription levels and translation efficien-
cies. Finally, we predicted the translation-initiation efficiency of 
untranslated regions generated from each RS with RBS calculator 
v1.0 (ref. 34) and found reasonable correlation between predicted 
values and experimental data (Supplementary Fig. 13b).
Together, these results highlight that even if there are similar 
regulatory specificities at the transcription and translation levels 
between two species, the two processes have distinct roles in 
functionalizing heterologous RSs with possible separate barriers 
to expression. Moreover, some species (e.g., B. subtilis) naturally 
possess highly restrictive transcriptional and/or translational 
requirements for gene expression, which suggests the possibility 
that these differential specificities across hosts could be exploited 
as predefined parameters in designs of genetic circuits for use in 
multi-species microbial communities.
Expanding RS library characterization to other hosts
To further extend the characterization of the RS library, we 
selected 241 library members (creating a sublibrary referred 
to here as RS241), cloned them, and introduced them into the 
industrially useful hosts Salmonella enterica35, Vibrio natriegens36 
(both Gammaproteobacteria), and Corynebacterium glutamicum37 
(a Gram-positive Actinobacteria). Multiplex measurements of 
RS241 in B. subtilis, E. coli, P. aeruginosa, and these three new 
hosts showed activity spanning nearly six orders of magnitude 
for transcription and three orders of magnitude for translation 
(Supplementary Fig. 14, Supplementary Table 4). We observed 
differential compatibility of RS performance for transcription and 
translation across phylogenetically diverse species (Supplementary 
Fig. 15). These results highlight the utility of multiplexed 
measurements of small targeted libraries among organisms where 
large-scale characterization may be challenging.
Programming species-selective gene expression patterns
Engineering of host-specific regulation enables the development 
of cross-species genetic programs that generate complex behavior 
in mixed communities. For example, a broad-host-range trans-
missible plasmid can be designed to generate different predefined 
behaviors from the same DNA sequence depending on specificity 
to the host regulatory machinery (for example, activation of func-
tion in only a subset of species). Targeting of subpopulations in 
a mixed consortium constitutes a powerful strategy for commu-
nity-level microbiome engineering38–40. We explored the devel-
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Figure 4 | FACS-seq of RS library. (a) Fluorescence distribution and FACS bin organization in the GFP channel versus the allophycocyanin (APC-A) control 
(top), and the fraction of the population sorted into each bin for each host (bottom). B.s., B. subtilis; E.c., E. coli; P.a., P. aeruginosa. (b) Heat maps 
showing the fraction of the RS library distributed across bins of transcription and translation levels in three bacterial recipients. Values are normalized by 
the total number of RSs (top row), each column bin corresponding to transcription windows (middle row), or each row bin corresponding to translation 
windows (bottom row). (c) Fractions of the RS library that are transcriptionally active (>0 RNA reads; orange) and have translational levels > 1.5 in log10 
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that exploit the natural host specificity of heterologous RSs in 
different bacteria. By leveraging the universal and orthogonal 
regulatory activation properties observed in our RS library, we 
built a simple dual-reporter that produced distinct fluorescence 
states depending on the recipient context (Fig. 5a).
We paired 12 RSs to drive a dual mCherry–GFP reporter 
construct in the broad-host-range vector pNJ6.2, with each 
regulator independently controlling each fluorescent protein. 
We introduced each construct into three recipients (B. subtilis, 
E. coli, and P. aeruginosa) to characterize its host-dependent 
behaviors. Across ten SsGC constructs (A–J), we demonstrated 
distinct states of the two reporters, and observed universal, host-
specific, and host-excluding activation profiles across recipients 
(Fig. 5b). Some SsGCs exhibited universal activation across all 
hosts in both reporters (constructs A–C), whereas others had 
universal activation for mCherry but not sfGFP for B. subtilis 
(constructs D and E). We also built SsGCs that demonstrated the 
ability to selectively exclude expression of one fluorescent protein 
in E. coli but not in the other species for both reporters (constructs 
F–I). Additionally, we found that one SsGC induced universal 
activation of GFP while mCherry expression was limited only to 
P. aeruginosa (construct J), thus demonstrating the possibility to 
specifically express one gene in only a single defined species while 
other components are expressed more broadly across multiple 
species. These designs constitute a first step toward the generation 
of more complex functions that could be differentially activated 
across multiple species of a diverse microbial community, with 
the ultimate goal of engineering sophisticated community-level 
dynamics and behaviors.
DISCUSSION
Characterization of regulatory-part performance across differ-
ent host organisms and growth conditions is crucial for the 
programming of gene circuits of increasing sophistication and 
reliability. Here we combined metagenomic mining, oligo library 
synthesis, and high-throughput characterization to measure 
transcriptional and translational activities of tens of thousands 
of natural RSs across up to six diverse bacterial species and 
under multiple growth conditions. We found substantial dif-
ferences between species in terms of the ability to transcribe 
and translate exogenous RSs. For instance, P. aeruginosa was 
able to activate the largest fraction of the library we tested, 
followed by E. coli and B. subtilis. B. subtilis showed extremely 
limited transcriptional activation potential—a pattern that 
appears to be associated with the host species’ genomic GC 
content. We speculate that evolution toward different genomic 
GC contents may influence the capacity of gene expression 
machineries to utilize regulatory elements of varying sequence 
composition. Importantly, we identified and annotated RSs with 
both universal and orthogonal host ranges, which represent a 
rich resource for synthetic biology applications that rely on well-
characterized components across different host backgrounds. 
Characterization of a subset of the RS library in C. glutamicum, 
V. natriegens, and S. enterica further enhances the utility of 
this resource for tuning gene expression across a wide range of 
activity levels in industrially relevant bacteria using a common 
set of RSs.
To demonstrate the application of these universal and host-
specific RSs, we built simple species-selective dual-reporters with 
defined activity profiles across three bacterial species. We suc-
cessfully demonstrated circuits in which two proteins had inde-
pendent host expression profiles of varying specificity. These 
demonstrations are a first step toward the design of more com-
plex cross-species constructs that exhibit predefined behaviors 
depending on the host species. Functionalization of gene circuits 
to specific species is a useful strategy for microbiome perturba-
tions (for example, deploying biosensors in specific species41 or 
eradicating pathogenic strains38,39 by targeted toxin expression). 
We expect that further advances in gene delivery technologies 
for in situ microbiome engineering23 and strategies that leverage 
host regulatory differences will play key roles  in controlling and 
maintaining synthetic circuit function and performance, espe-
cially when circuits can propagate in multiple hosts but activate 
only in specified species.
METHODS
Methods, including statements of data availability and any 
associated accession codes and references, are available in the 
online version of the paper.
Note: Any Supplementary Information and Source Data files are available in the 
online version of the paper.
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Figure 5 | Species-selective gene circuits. (a) Design of SsGCs with 
specified host expression profiles, using two outward-facing RSs buffered by 
a strong bidirectional terminator to drive expression of genes encoding two 
fluorescent proteins, mCherry and sfGFP. The pNJ6.2 vector is transformable 
into B. subtilis, E. coli, and P. aeruginosa. (b) Combinatorial construction 
and fluorescence characterization of 12 host-specified RSs (Seq IDs 1–12) 
into ten SsGCs of different regulatory profiles in three recipient species. 
Distinct regulatory categories include universally active (constructs A–C), 
B. subtilis–excluding or E. coli–excluding in the GFP channel (constructs 
D and E or F and G, respectively), E. coli–excluding in the mCherry (mCh) 
channel (constructs H and I), and P. aeruginosa–specific in the mCherry 
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Bacterial strains and expression vector construction. E. coli 
MegaX DH10B Electrocomp cells (Thermo Fisher; C640003) were 
used for all initial library cloning steps. Recipient test strains were 
E. coli MG1655, B. subtilis BD3182 (a 168 type strain derivative 
with $rok::kanR, Met−, Leu−, His− to improve transformation; 
courtesy of D. Dubnau), and P. aeruginosa PAO1 (with $psy2 to 
remove pyocin S2 autofluorescence; courtesy of A. Rasouly and 
S. Lory). V. natriegens 14048, C. glutamicum 13032, and S. enterica 
Typhi Ty2 were obtained from ATCC.
Separate reporter plasmids were designed and constructed 
for each species: pNJ1, pNJ2.1, and pNJ3.1 using the back-
bones pZA11 (p15A ori, 11 copies per cell), pDG1662 (integra-
tion into amyE locus)42, and pJN105 (pBBR1 ori, 20 copies per 
cell)43, respectively. Unwanted restriction sites for PstI, EcoRI, 
and BamHI found outside of multi-cloning sites were removed 
by isothermal assembly. An ATG-less sfGFP construct44 with 
upstream 5` BamHI, spacer, PstI, and downstream EcoRI was then 
cloned into each backbone to create the final reporter plasmids 
(Supplementary Fig. 3). We generated the broad-host vector 
pNJ6.2 by first introducing the entire amyE-L to amyE-R region 
of pNJ2.1 into pNJ3.1. Subsequently, a reverse-direction mCherry 
gene was placed just upstream of the amyE-L arm (see Fig. 5a). 
For small library experiments, pNJ7 and pNJ8 were constructed 
from plasmids pACYC184 and pCES208 for V. natriegens and 
C. glutamicum, respectively.
Metagenomic regulatory sequence library design. The 184 
annotated and complete genomes were chosen from the Integrated 
Microbial Genomes Database45 to maximize representation of 
microbes across the tree of life and to include industrially or 
medically relevant representative species, which included 169 
bacteria and 15 archaea. For each genome, we identified all uni-
directional intergenic regions (i.e., preceding and following genes 
on the same strand to avoid bidirectional elements) greater than 
200 bp in size and extracted the 165 bp immediately upstream of 
annotated start codons. These sequences are referred to as RSs 
for convenience. RSs containing BamHI, PstI, and EcoRI sites 
were filtered out. We randomly chose subsets of RSs from each 
species, yielding ~160 sequences per genome (Supplementary 
Fig. 1), which led to a final library of 29,249 RSs. For each RS, we 
noted the COG category of the downstream gene being regulated, 
although no bias was introduced during random subselection of 
the RS sequences. We then added BamHI and PstI cut sites, a 
start codon, a unique 12-bp barcode (Levenshtein distance of >2), 
and common amplification sequences to the RSs as shown in 
Figure 1. We randomly selected a subset of 4,778 RSs from the 
total library to encode a different set of 12-bp barcodes as an 
internal control to assess the effects of barcode sequences on gene 
expression. In total, a 230-bp oligo pool containing 34,027 RSs 
was synthesized.
Library synthesis, cloning, and transformation into diverse 
hosts. All enzymes were obtained from New England Biolabs 
unless otherwise stated. The metagenomic RS library was syn-
thesized as a 1-pmol oligo mix by Agilent Technologies (Carlsbad, 
CA) using their oligo library synthesis platform46. The oligo 
library was first amplified for eight cycles to make a template 
stock (amp1). All subsequent amplifications used this template 
as input DNA to avoid freeze–thaw cycles of the original oligo 
library stock. We performed a second amplification step using 
1 ML of purified amp1 template stock to obtain enough DNA of 
the library (amp2) for cloning by performing eight parallel qPCR 
reactions that were stopped after the reaction exited exponential 
amplification phase (usually ~8–10 cycles). All reactions used 
Kapa SYBR Fast Mastermix and were performed on a CFX96 
Touch Real-Time PCR machine (Bio-Rad). Amplified library 
DNA was purified, digested with BamHI and PstI, and ligated 
into each plasmid backbone using T4 DNA ligase. Ligations were 
transformed into E. coli MegaX DH10B electrocompetent cells 
(Life Technologies). A 10-ML aliquot of each electroporation 
recovery mixture was diluted and plated to determine the cloning 
efficiency and library coverage, and the remaining 990 ML was 
propagated through two subsequent liquid selections in 25 mL of 
LB-Lennox (BD Biosciences) + 50 Mg/mL carbenicillin grown at 
30 °C, 250 r.p.m. overnight. All libraries were cloned with >50× 
coverage as determined by dividing the number of colony-forming 
units by the size of the designed library. Plasmid DNA was then 
extracted from library cultures with a Qiagen Midiprep kit for 
subsequent transformation into final the host strains.
Plasmid libraries were transformed into electrocompetent 
E. coli MG1655 by pelleting and washing of a 100-mL mid-log 
phase culture with 10% glycerol at 4 °C three times and suspension 
of the final pellet in 100 ML. Plasmid library DNA (1 Ml, 50–100 ng) 
was added to multiple 20-ML aliquots of competent cells 
and electroporated at 1.8 kV with a Bio-Rad Micropulser. 
The cultures were recovered in 1 mL of SOC for 1 h at 30 °C, 
250 r.p.m. We determined the library coverage by plating up to 
1% of the transformed population on selective plates. The remain-
ing 99% of the transformation culture after 1 h of recovery was 
passaged through two subsequent liquid selections in 25 mL of 
LB-Lennox + 50 Mg/mL carbenicillin grown at 30 °C, 250 r.p.m. 
overnight to yield the final E. coli RS library.
B. subtilis BD3182 was transformed by dilution of an overnight 
culture 1:100 into competence media containing 1× Spizizen salts 
supplemented with 0.5% glucose, 0.02% casein hydrolysate, 0.1% 
yeast extract, 2.5 mM MgCl2 and 50 Mg/mL of histidine, leucine, 
and methionine. The culture was grown until early stationary 
phase (4.5–5 h), and then 5 mL was concentrated into 0.5 mL and 
incubated with 5 Mg of pNJ2.1 library DNA in a shaking incubator 
(250 r.p.m., 37 °C) for 1 h. Up to ten separate cultures were used and 
pooled during recovery to yield the RS library of >50× coverage. 
Transformants were selected overnight in LB + chloramphenicol 
(5 Mg/mL) to yield the final B. subtilis RS library culture.
We transformed P. aeruginosa PAO1 by washing 10 mL of a 
library overnight culture twice with 300 mM sucrose at room 
temperature and performing the same final suspension, electro-
poration, and recovery as with E. coli MG1655. A single 1:50 selec-
tion was performed in LB Lennox + 150 Mg/mL carbenicillin at 
30 °C, 250 r.p.m., while taking care not to overgrow the culture and 
induce biofilm formation or stress responses. Glycerol stocks of 
all library cultures in final host strains were made after stationary 
phase was reached after liquid selection. These stocks were used 
for all subsequent experiments.
For RS241 library experiments, S. enterica was transformed 
using the same protocol used for E. coli. V. natriegens and 









































Library growth, DNA-seq, and RNA-seq. For each species, we 
made library overnight cultures from frozen stocks by diluting 
1 mL of thawed frozen stock into 25 mL of LB Lennox + antibiotic 
and growing cultures for 9 h at 30 °C, 250 r.p.m. A 1-mL aliquot of 
this culture was added to 200 mL of pre-warmed LB Lennox and 
grown (37 °C, 250 r.p.m.) to an OD600 of 0.3–0.4 and immediately 
cooled in an ice slurry. Four 50-mL aliquots were pelleted at 4 °C 
and the supernatant was removed. Two pellets were resuspended 
in 5 mL of RNAprotect (Qiagen), incubated for 5 min at room 
temperature, and repelleted before RNA isolation. An additional 
cell pellet was used for plasmid DNA extraction using a MidiPrep 
kit (Qiagen) or genomic DNA extraction (only B. subtilis; 
Epicentre MasterPure Gram Positive DNA Purification Kit).
Total RNA was extracted with a Qiagen RNeasy Midi kit 
for E. coli and P. aeruginosa and a modified chemical genomic 
DNA extraction kit (Epicentre) where the RNase digestion step 
was replaced with DNase digestion for B. subtilis. For E. coli  
alternative growth condition experiments (iron starvation, 
osmotic stress, minimal media), overnight cultures of the E. coli 
library were pelleted and washed once with PBS, and 1 mL was 
diluted into 200 mL of LB + 200 MM 2,2-dipyridyl (Sigma-Aldrich), 
LB + 0.3 M NaCl, and M9 + glucose. For each condition, 
pellets were frozen from cultures at OD600 0.3 except for the 
stationary phase library, which was removed at OD600 2.
For RNA-seq library preparation, ribosomal RNA was removed 
from 4.5 Mg of total RNA with Ribo-Zero rRNA magnetic removal 
kits for Gram-negative and Gram-positive bacteria (Epicentre). 
The isolated mRNA was then dephosphorylated using 5` RNA 
polyphosphatase (Epicentre) as follows:
12 ML of RNA from the previous step
2 ML of 10× RNA 5` polyphosphatase reaction buffer
0.5 ML of RiboGuard RNase inhibitor
1 ML of RNA 5` polyphosphatase (20 units)
4.5 ML of RNase-free water
37 °C for 30 min
The reaction was then purified with a Qiagen RNeasy MinElute 
kit. We then ligated a 5` oligo (RNA_adaptor) to the monophos-
phorylated mRNA as follows:
14 ML of RNA from the previous step
2 ML of 250 MM RNA adaptor
2.5 ML of 10× ligase buffer
2 ML of Epicentre T4 RNA ligase (10 units)
2 ML of 10 mM ATP
1 ML of RiboGuard RNase inhibitor
1 ML of DMSO
22.5 °C for 3 h followed by a 10-min deactivation at 65 °C
Our RNA adaptor contains two terminal N bases to reduce 
ligation bias48. Adaptor-ligated RNA was purified with a Qiagen 
RNeasy MinElute kit. Selective reverse transcription was carried 
out with an sfGFP primer as follows:
0.2 ML of 10 MM RT primer
12 ML of RNA
1 ML of 10 mM dNTP mix
65 °C for 5 min, then on ice for 1 min
The following components were then added to the PCR tube 
from the last step:
4 ML of 5× First-Strand Buffer (Invitrogen)
1 ML of 0.1 M DTT
1 ML of RNaseOUT (Invitrogen)
1 ML of SuperScript III reverse transcriptase (Invitrogen) 
(200 units)
The reaction was mixed by gentle pipetting and incubated for 
1 h at 55 °C and then inactivated at 70 °C for 15 min.
To create sequencing libraries, we amplified either cDNA or 
plasmid DNA (or genomic DNA for B. subtilis) in a two-step PCR 
process using NEBNext High-Fidelity Master Mix with added 
SYBR (Life Technologies) to add adaptor sequences and indexes 
for Illumina sequencing. All primers used in this study are listed 
in Supplementary Data Set 1 . Amplification 1 used an equimolar 
mixture of four reverse primers (sfGFP_reverse_N3-N6) 
and vector-specific forward primers to obtain even base distribu-
tions during read 1 of sequencing. PCR reactions were cycled in a 
CFX96 Touch Real-Time PCR machine (Bio-Rad) until exponential 
amplification ceased. A second set of 6–8 qPCR cycles added 
indexes and Illumina P5 and P7 adaptors for paired-end sequencing. 
Samples were sequenced on Illumina HiSeq and NextSeq 
platforms using 300 cycle reads (paired-end). To validate 
the transcriptional activity of isolate strains, we performed 
qPCR on total cDNA extracted from mid-log-phase cultures using 
primers specific to sfGFP and the reference gene ihfB using Kapa 
SYBR Fast qPCR master mix.
FACS-seq experiments. Two staggered library cultures were 
grown 1 h apart according to the same protocol for growth used 
for transcriptional analysis described in the previous section. 
A 50-mL aliquot was pelleted at 4 °C, and resuspended in 5 mL 
of ice-cold 5 PBS. Library cultures were sorted by a FACS Aria 2 
(BD Biosciences) into eight log-spaced bins based on GFP fluores-
cence (FITC-A) using two consecutive sorts into four nonadjacent 
bins. Samples were kept at 4 °C during sorting. The lowest bin 
corresponded to the range of fluorescence of a no-sfGFP nega-
tive control strain before sorting. For the first sort, cells were 
sorted into bins 1, 3, 5, and 7 until bin 1 (lowest) had ~5 mil-
lion cells. For the second sort, cells were sorted into the remain-
ing bins at the same rate for the same amount of time to ensure 
the number of cells sorted into each bin was proportional to the 
fraction of cells found in each fluorescence range in the original 
population. Sorted bins were grown in 10 mL of LB + antibiotic 
overnight at 30 °C. We then extracted plasmid DNA or genomic 
DNA from the sorted populations and amplified the RSs using 
the same two-step process as described in the previous section. 
Sequencing was done on Illumina MiSeq, HiSeq, and NextSeq 
platforms. We determined the median fluorescence value of each 
bin by diluting each of the sorted overnight cultures 1:200 in 
3 mL of LB Lennox, growing the culture to an OD600 of 0.3, pel-
leting, resuspending cells in chilled PBS, and measuring sfGFP 
fluorescence (FITC-A) on a BD Fortessa flow cytometer. These 
median values were used to calculate protein levels as described in 
the next sections. We verified gene expression from isolate strains 
from each bin for correspondence with FACS-seq measurements 
by diluting overnight 96-well-plate cultures 1:200, growing them 
until OD600 ~ 0.3, cooling them on ice, and then measuring their 
sfGFP fluorescence (FITC-A) using the high-throughput attach-
ment of a BD Fortessa flow cytometer.
Processing steps for analysis of next-generation sequencing 
reads. Using custom Python scripts, we first mapped both RNA 








































based on the Read 1.1 sequences. We then confirmed this map-
ping by aligning the Read 2.1 corresponding to each identi-
fied RS to its reference sequence using custom R scripts with 
the Biostrings package. Mismatched Read 1 and Read 2 assign-
ments were removed from the data set. We expect that the vast 
majority of removed reads belonged to oligo constructs that had 
errors during library synthesis, which are mainly deletions. We 
used a scoring matrix to properly align reads to their reference 
sequencing whereby mismatches, gap openings, gap extensions, 
and unresolved bases received scores of −3, −3, 10−3, and 10−6, 
respectively. Perfect DNA reads align starting at position 1 in 
the reference and continue until the end of the read. Read 2 for 
RNA may begin at a variable position, as this is indicative of the 
TSS within the construct. For RNA reads, the first two bases of 
Read 2 were trimmed off to account for the random bases in our 
RNA adaptor. After alignment, we filtered out reads containing 
errors in more than 4 bp from all analysis. Additionally, any RNA 
reads beginning upstream of the construct (originating from the 
vector) were filtered out. After all processing we found that 84%, 
97%, and 75% of constructs had at least one read of DNA or RNA 
in B. subtilis, E. coli, and P. aeruginosa, respectively.
Quantifying transcription and translation levels. The relative 
transcription level for each construct (Ti) was determined on the 
basis of the abundance RNA and DNA reads originating from 









Ri and Di refer to the total number of RNA and DNA reads for 
a given library member (i). To make comparisons across each 
recipient organism, we normalized raw transcriptional values by 
the mean value of active (>0 RNA reads) constructs originating 
from that species included in the library (159 from B. subtilis, 
231 from E. coli, and 268 from P. aeruginosa). We excluded 
constructs containing 0 DNA counts and also those whose RNA 
and DNA counts summed to less than 15 for most analyses. 
However, for visualizations of the range of expression of the 
data, we gave constructs with 0 RNA or DNA reads pseudo-val-
ues. For Figures 2a, 3a, and 4 b, data points with 0 DNA reads 
and >15 RNA reads (135, 373, and 172 constructs for B. subtilis, 
E. coli, and P. aeruginosa, respectively) were given pseudo-values 
for transcription representing the highest value in the range 
shown, as these are likely to be constructs that have fitness defects 
from high expression that have dropped to low abundance in 
the population. Constructs that were transcriptionally inactive 
(0 RNA counts, >15 DNA counts) were given a pseudo-value 
equal to the minimum value in the range shown.
Translation activity calculations were based on established 
conventions for FACS-seq. In brief, we calculated protein levels 
for each construct by normalizing each construct’s abundance 
(Di,j) in each bin to the number of reads associated with that bin 
and the fraction of cells from the library sorted into it (f,j). This 
calculation (below) gave us the fractional abundance (ai,j) of each 
construct in each bin: 
a
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We then use a weighted average to calculate protein levels (Pi) using 
fractional abundances and the mean fluorescence level of each bin 
(mj) obtained by flow cytometry after sorting and regrowth: 
log( ) log( )P a mi ij j
j
 £
This calculation is based on log-normal FACS bins consistent 
with established conventions in the literature7,9,49. Lastly, the data 
were converted to linear scale and normalized to the minimum 
fluorescence value and multiplied by 10 so that expression could 
be compared across species.
Transcription start site determination. We identified the TSSs 
of active constructs by determining the start position of the align-
ment of read 2 with the reference sequence for each RNA read. 
The first two bases were trimmed in order to take account of the 
two random bases used for efficient adaptor ligation. The frac-
tion of TSS calls that fell within o5 bp of the median value was 
then determined. To identify instances of multiple TSSs, we devel-
oped an algorithm using the kmeans function in R. Our algorithm 
starts with a seed of six clusters. The number of clusters is reduced 
by one if two clusters are found within 5 bp of each other or if a 
cluster contains less than 10% of all reads. Cluster centers and the 
number of clusters are returned at convergence.
Determination of 5 `-end mRNA structure stability. Free energy 
of 5`-end RNA structure was computed using the FOLD function 
from the RNAstructure package50. We defined the 5` end from the 
TSS location up to 20 bp after the translation initiation site. Only 
promoters classified as single TSS were used for this analysis. 
Single-TSS promoters were defined as promoters in which >80% 
of RNA reads lie within 5 bp of the TSS median.
Regulatory motif discovery and analysis. The MEME package29 
was used to identify regulatory motifs in our data set. We obtained 
the motif presented in this analysis by selecting sequences that 
start 50 bp upstream of the TSS up to the translation start site. 
A random set of 200 promoters of the 10% most expressed pro-
moters was selected for motif finding. The FIMO algorithm was 
used to scan the motif position weight matrix and obtain match 
scores in our library of promoters. A fourth-order GC content 
background was used for both MEME and FIMO steps.
Hierarchical clustering was performed to identify recipient 
specific motifs. Only promoters with total counts of more than 15 
(sum of RNA and DNA reads) were used for analysis. Expression 
was rescaled to the interval from 0 to 1 in each recipient. The 
promoters were split into ten clusters for motif finding. When 
masking for promoters with S70 motifs, all promoters with a motif 
hit in the E. coli background (motif P < 1 × 10−3) were removed 
from analysis.
Predicting activity from biophysical parameters. We defined a 
linear regression model that considered S70 motif score, promoter 
GC content and 5`-end mRNA stability to predict promoter activity. 
The −log10 of the P value was used to define motif S70 score 
between promoter and S70 binding. For promoters with more 
than a single motif hit, the maximum value was used as a predic-
tor of affinity. Promoters without any hit better than −log10(Pmotif) 








































the function “lm” from the R package “stats.” Only promoters clas-
sified as single TSS (over 80% of reads around the median TSS) 
with at least one count for RNA and DNA reads and a total count 
(RNA + DNA) > 15, were used in training and test sets.
Translation efficiency prediction and determination. We 
predicted the translation efficiency (or the translation initia-
tion strength) of each member of the RS library using the pub-
lished ribosomal binding site (RBS) calculator version 1.0 code34 
(https://github.com/hsalis/Ribosome-Binding-Site-Calculator-
v1.0). Input sequences for the RBS calculator consisted of the 
mRNA sequence of each RS starting from the measured TSS posi-
tion all the way through 50 bp into the GFP sequence (includ-
ing the unique barcodes). For RSs with multiple measured TSSs, 
separate mRNA sequences were generated and predicted inde-
pendently. We computed a predicted total translation efficiency 
level for each RS by summing all predicted RBS strengths for 
each of the mRNAs with alternative TSSs. Translation efficiency 
predictions were done for each recipient species using speci-
fied 16S rRNA anti-Shine-Dalgarno sequences (ACCTCCTTA 
for E. coli and P. aeruginosa; ACCTCCTTT for B. subtilis) on 
otherwise default parameters of the RBS calculator algorithm. 
We calculated the experimentally determined translation 
efficiency by taking the ratio of the measured transcription rate 
by the GFP protein levels for each RS. Comparison of in silico and 
experimental translation efficiencies was carried out on highly 
transcribed RSs, corresponding to the top 15% of transcribed 
sequences (Supplementary Fig. 11).
Construction and measurement of cross-species genetic circuits. 
Twelve RSs (1–12) were paired together to generate combinations 
of double bidirectional RS constructs (Fig. 5a). Various RS pairs 
were synthesized and cloned into pNJ6.2 using PstI-HF and trans-
formed into target strains such that mCherry and sfGFP were 
controlled by separate RSs separated by a terminator. Constructs 
were Sanger sequenced to check for synthesis errors and validate 
the correct cloning orientation. In all, ten cross-species genetic 
circuit constructs (A–J) were characterized. Overnight cultures 
of strains harboring these cross-species genetic circuits were 
diluted 1:200 and grown in a 96-well plate in a BioTek H1 Synergy 
plate reader. Fluorescence values for sfGFP (excitation, 485 nm; 
emission, 528 nm) and mCherry (excitation, 580 nm; emission, 
610 nm) were normalized by optical density at the time point 
closest to OD600 = 0.3 to determine reporter activity levels.
Statistical methods. Pearson correlation. Pearson correlation 
measures the strength and direction of a linear relationship 
between two variables. The correlation coefficient r can range 
from −1 to 1, with the sign indicating positive or negative 
association and the absolute value indicating the strength of the 
correlation. For example, in Supplementary Figure 3 we use the 
Pearson correlation to examine the reproducibility of transcrip-
tional measurements from independent library cultures, which 
resulted in an r value of 0.88.
Standard deviation. The s.d. measures the variation of a set of 
measurements in relation to their mean. Lower values indicate 
that individual measurements tend to be close to the sample 
mean. We used s.d. (error bars in Supplementary Fig. 7) to 
examine the variability of individual RS transcriptional activity 
levels across five growth conditions.
Standard error of the mean. The s.e.m. measures how close a 
sample’s mean value is likely to be from the actual population 
mean. This is done by dividing the s.d. by the square root of the 
sample size. This metric was used in Figure 3b (error bars) to 
determine the extent to which calculated mean expression values 
for different sequence feature value windows may deviate from 
the true mean.
Linear regression. Linear regression models the relationship 
between the dependent variable transcriptional activity and 
multiple independent variables representing sequence features 
(GC content, mRNA secondary structure stability, S-factor motif 
strength) as a linear equation. For the results displayed in Figure 3c, 
we used 10% of the expression data as a training set and the 
remaining 90% as test sets for each species.
Partial correlation. Partial correlation controls the effects of 
additional parameters when determining the association between 
two variables. We used partial correlation to determine which 
parameters were most informative in our linear regression model 
(Supplementary Fig. 10).
Life Sciences Reporting Summary. Further information 
regarding experimental design is available in the Life Sciences 
Reporting Summary.
Data availability. The data supporting the findings of this study 
are available as Supplementary Data Set 1. Custom code used 
for data processing is publicly available at GitHub (https://github.
com/nathanjohns/PromoterMining). Raw sequencing data can be 
found at NCBI (SRP131663).
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Advances in synthetic biology to build microbes with defined
and controllable properties are enabling new approaches to
design and program multispecies communities. This emerging
field of synthetic ecology will be important for many areas of
biotechnology, bioenergy and bioremediation. This endeavor
draws upon knowledge from synthetic biology, systems
biology, microbial ecology and evolution. Fully realizing the
potential of this discipline requires the development of new
strategies to control the intercellular interactions,
spatiotemporal coordination, robustness, stability and
biocontainment of synthetic microbial communities. Here, we
review recent experimental, analytical and computational
advances to study and build multi-species microbial
communities with defined functions and behavior for various
applications. We also highlight outstanding challenges and
future directions to advance this field.
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Introduction
Genetically modified microbial organisms are used in
many applications in industrial and environmental bio-
technology, from synthesis of materials, chemicals, med-
icines, and fuels, to remediation of waste products and
toxins. Recent advances in synthetic biology have sub-
stantially improved our ability to program these microbes
quickly and cheaply on a large scale with greater control
[1,2 ]. While many successes are documented for single-
step microbial bioconversion reactions [3 ], potential
applications that involve complex substrates may require
the use of multiple pathways and processes, which may be
difficult or impossible to execute efficiently using single
strains. These and other complex applications may be
best tackled by cohorts of different microbes, each pro-
grammed with specialized sub-functions that synergize
towards an overall population-level function. This fact is
evident in natural systems where single species do not
occupy all niches in an environment, but rather multiple
species coexist and perform complementary roles, creat-
ing intricate ecological networks [4 ].
With a greater understanding of natural microbial inter-
actions, dynamics, and ecology, we are poised to expand
microbial engineering to mixed consortia in order to
perform more complex and challenging functions in both
closed and defined bioreactors as well as open and natural
environments. This emerging field of synthetic ecology
builds upon gene circuit design strategies [5 ] and further
integrates ecological and evolutionary principles [6 ].
These population-scale considerations involve microbial
interactions with complex dynamics and stability proper-
ties manifesting over different time and length scales.
In this perspective, we explore how these properties
can be applied to design and construct microbial commu-
nities relevant to emerging biotechnology applications
(Figure 1). We specifically discuss four key considerations
for building synthetic microbial communities: engineer-
ing various interspecies and intraspecies interactions,
constructing spatiotemporal dynamics, modeling and
maintaining community-wide functional robustness,
and developing population control and biocontainment
measures. We discuss recent examples of experimental
and quantitative modeling advances that have enhanced
our foundational capabilities to understand, develop and
exploit synthetic microbial consortia in different settings.
Engineering intercellular interactions
Organisms in nature interact with one another through a
variety of modes ranging from competitive or predatory
behaviors to commensal and mutualistic exchanges that
have been extensively explored in ecological studies [7 ].
Microbes living within communities are involved in many
interactions simultaneously — competing for some
resources while exchanging others. Over time, these
tradeoffs create interspecies dependencies manifested
by differing specialized phenotypes across various
microbes. A key challenge for engineering consortia with
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A summary of the design and utility of synthetic microbial communities. In addition to principles used in single-strain engineering, community
engineering allows for diversification of biochemical roles in breaking down complex substrates, and optimized compartmentalization of pathways
between individuals for simultaneous execution of multiple functions with reduced individual burden. Synthetic communities can be further
engineered with increased robustness through interdependencies and spatiotemporal control.




stable interactions has been to understand how functions
can be partitioned across a microbial population in pro-
ductive compartments to achieve desirable population-
level behaviors (Figure 2a).
Several studies have recently explored strategies to divide
metabolic roles across different individuals in a consor-
tium toward generation of a desired biochemical product.
Minty et al. showed that a two-member microbial consor-
tium containing a cellulase-secreting fungi, Trichoderma
reesei, and an engineered Escherichia coli strain that pro-
duced isobutanol could be used for the direct conversion
of plant biomass into biofuels [8]. Zhou et al. engineered
an E. coli and Saccharomyces cerevisiae consortium that can
more effectively produce natural products than the indi-
vidual strains alone [9!!]. In this study, the biosynthetic
pathway for oxygenated taxanes, a medically valuable
diterpene chemotherapeutic, was partitioned into two
separate pathways in E. coli and S. cerevisiae. A taxadiene
intermediate was produced and secreted by E. coli and
then taken up by the yeast to complete the necessary
oxidation steps using more optimal eukaryotic cyto-
chromes. Studies like these demonstrate that consortia
containing members with specialized tasks can succeed in
applications where single-strains would struggle.
A number of studies have explored syntrophic interac-
tions using model bacterial and yeast systems that
exchange essential metabolites [6]. Each strain is engi-
neered to produce some but not all essential metabolites
(e.g. amino acids). When these different auxotrophic
strains are grown together, those with complementary
metabolic functions are able to support the growth of one
another as a syntrophic co-culture. These systems have
been characterized in synthetic communities of two
[10,11], three, and up to 14 members [12!]. A key obser-
vation from these studies is that metabolically costly
resources are more likely to be involved in syntrophic
exchanges. While metabolically-dependent specialist
strains may be sensitive to some environmental perturba-
tions (e.g. nutrient depletion), they can outcompete gen-
eralist cells in some environments due to more optimized
metabolic configurations [13]. In fact, these metabolic
dependencies may be prevalent in natural communities,
with many sequenced genomes missing multiple essen-
tial biosynthetic pathways [12!,14]. Furthermore, the
magnitude and direction of metabolic exchange is poten-
tially tunable by modulating membrane transporters and
intercellular nanotubes [15].
Beyond metabolism, many intercellular interactions in
bacterial ecosystems are mediated by the secretion, dif-
fusion and exchange of diverse molecules including pep-
tides, small-molecules and natural products. These
compounds are used by bacteria to sense their environ-
ment and communicate with surrounding cells. Quorum
sensing, a general mechanism by which bacteria produce
and respond to specific signaling molecules in a density-
dependent fashion, offers a means to program cell–cell
communication and coordinate population-level behav-
ior. These simple bacterial communication systems pos-
sess modular and engineerable features that have been
exploited extensively for rational design [16]. In a recent
example, Saeidi et al. engineered an E. coli strain that was
able to sense naturally produced quorum sensing mole-
cules from Pseudomonas aeruginosa and respond by turning
on a self-lysis kill-switch to release a pyocin compound
that inhibited the growth of the target pathogen [17].
Many opportunities exist to extend these approaches for
cooperative intercellular interactions.
To model these microbial interactions, computational and
genome-scale approaches may be used to inform the
rational engineering of simple and complex consortia.
Constraint-based methods such as flux balance analysis
(FBA) use in silico metabolic reconstructions of cellular
metabolism based on a set of known stoichiometrically
balanced reactions to assess steady-state metabolite fluxes
within the cell during growth. When extending these
approaches to model synthetic or natural communities,
each cell can be compartmentalized and fluxes between
the compartments can be evaluated across the population
to predict community-wide behaviors [18]. Currently, for
most microbial species, incomplete or missing information
about the metabolic network components and their
biochemical functions make FBA-based methods chal-
lenging. Furthermore, drawing realistic inferences from
these models requires constraints for maximizing commu-
nity-wide objective functions (e.g. growth), which may be
difficult to define or can change on an individual level
across a dynamic community. Nevertheless, these
approaches can be useful for predicting metabolite flux
and exchange in microbial communities. Nagarajan
et al. recently constructed a metabolic model of two
Geobacter species that parameterized their metabolite
exchange and direct electron transfer to characterize their
syntrophic growth dynamics [19]. Such a model system
may have useful applications in bioremediation and mi-
crobial fuel cells. Beyond studying physiology of naturally
interacting microbes, computational tools are needed to
better predict the behavior and impact of engineered
genetic pathways on community dynamics. McClymont
and Soyer developed Metabolic Tinker, a graph-based
tool that can identify thermodynamically-feasible bio-
chemical routes to a desirable compound [20]. Such
approaches can help predict and design new metabolic
interactions between synthetically engineered microbial
consortia. Integration of biochemical, transcriptomic,
proteomic, and metabolomic data [21] will help to better
parameterize these in silico models to improve predictions
for rationally designed communities [22,23].
An emerging area of quantitative models is the use of
economic principles to study microbial trade [24]. The
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vast diversity of microbial metabolic capabilities offers
opportunities for production and exchange of specific
metabolites between two or more microbes that can be
mutually beneficial. Similar processes underlie modern
economic markets where businesses and nations produce
and consume goods and can improve efficiency through
trade. Furthermore, economic concepts such as speciali-
zation, vertical integration, market competition and even
farming have analogous processes in the microbial world
[25]. The extensive literature in economic theories and
frameworks can be adapted to model trade in microbial
communities using analogous parameterizations for pro-
ductivity, utility, import and export rates, and growth
maximization. We and others recently applied the eco-
nomic principle of comparative advantage to microbial
trade [26!!,27]. Based on general equilibrium theory, we
showed that trade in microbial communities can be sta-
bilized when trading agents benefit from the exchange of
resources that they are relatively more efficient at pro-
ducing [26!!]. These analytical predictions can be exper-
imentally explored using simple bacterial models,
yielding important insights into the stability, efficiency,
and design principles of microbial metabolic exchange.
A key challenge moving forward will be parameterizing
these models using data from realistic environmental
settings [28]. On the other hand, these model microbial
communities can offer economists a new tool to test
economic theories and hypotheses that are difficult to
implement in real economic settings [29].
Understanding interactions in space and time
While most synthetic microbial communities developed
to date have been studied in well-mixed co-cultures,
many microbes in nature exist in spatially defined struc-
tures such as surface-attached biofilms. Spatial assortment
of cells creates locally heterogeneous subpopulations with
varying resource availabilities that strengthens local inter-
actions, avoids global catastrophes such as the tragedy of
the commons [30], and improves resilience to environ-
mental stresses [31].
Several general approaches have been explored to build
spatially defined microbial communities by organizing
the physical environment, patterning specific community
structures, or engineering cells with programmed aggre-
gation behaviors (Figure 2b). Microfluidic and microwell
devices have been used to build microbial communities
where individual species are grown in separated chambers
that allow metabolites to exchange freely, but restrict
physical contact between cells [32]. Other strategies using
micro-contact printing techniques allow specific mem-
bers to be arranged in defined geometric patterns on
two-dimensional surfaces [33]. Additionally, 3D-printing
technologies have recently enabled construction of mi-
crobial communities with more complex structures [34].
To engineer surface attachment interactions, Nguyen
et al. developed a nanofiber display platform to functio-
nalize the extracellular matrix of microbial biofilms [35!!].
By fusing metal and nanoparticle binding peptides to an
amyloid protein, they were able to program E. coli bio-
films to adhere to specific abiotic surfaces and particles.
Furthermore, programmed aggregation behaviors have
been demonstrated in a two-member consortium that
sequentially colonized a surface and could be inducibly
dispersed to clear the engineered biofilm [36].
Beyond experimental systems for spatial control of engi-
neered communities, a number of computational and in
silico methods have emerged to better model communities
in structured environments. Harcombe et al. recently de-
veloped COMETS, a dynamic flux balance framework that
simulates microbial growth on a two-dimensional surface
[37!!]. This approach accurately predicted the steady-state
abundances of a three-species consortium grown in defined
medium. Furthermore, experiments validated predictions
that certain spatial distributions of competing colonies and
crossfeeding partners can lead to counter-intuitive growth
benefits. Other approaches using agent-based modeling
frameworks have been explored to assess metabolic and
population feedbacks in structured environments [38] and
to model interspecies interactions during biofilm formation
[39]. These emerging computational and experimental
advances will enable more sophisticated design and control
of consortia across space and time.
Maintaining community robustness
An important engineering consideration is the long-term
stability of microbial consortia in challenging and open
environments where engineered populations may expe-
rience changing conditions and exposure to competitive
species. Furthermore, these consortia will change over
time due to genome evolution and horizontal gene trans-
fer [40]. In individual strains, engineered genetic circuits
can lose function even on short timescales [41]. Loss of
engineered function can lead to cheating (i.e. utilization
of common goods without reciprocal contribution) and
nonproductive phenotypes, which decrease population-
level performance. To mitigate evolutionary decay of
genetic circuits, strategies to reduce host mutation rates
and avoid mutation-prone designs have been suggested
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(Figure 2 Legend) Key principles for engineering microbial communities. (a) Various metabolic interactions can be designed and leveraged for
multispecies production of a desired product. (b) Communities can be spatially and temporally coordinated through engineered environments and
programmed aggregation behavior. Quantitative in silico modeling of structured environments will improve the design of these consortia. (c)
Population robustness can be maintained through strategies that enhance cooperation, avoid cheating, and promote non-metabolic stabilizing
interactions, such as antibiotic antagonism. Various modeling approaches are needed to study the dynamics and stability of the systems. (d)
Biocontainment methods use synthetic auxotrophies or kill switches to control growth and function of engineered microbial communities.




[42!]. The maintenance of community robustness and
function over operationally-useful timescales is a key
challenge for deployment of multispecies consortia in
complex settings (Figure 2c).
To engineer stable consortia with defined function, strat-
egies need to be developed for surveilling and enforcing
cooperative or synergistic community properties at the
level of individual members. While cheating phenotypes
can contribute to population instability and reduced con-
sortia performance, various strategies have been explored
to undermine their emergence. Spatial self-organization
can promote cooperative behaviors by excluding cheaters
and invaders [43,44!!]. Cooperators can also avoid cheaters
by responding to environmental cues for advantageous
times to produce public goods [45]. Furthermore, cooper-
ative interactions can be reinforced when genes encoding
these traits are actively transferred between cells [46].
Engineering biosensors that monitor the presence of
trading partners and privatizing metabolic exchange
through intercellular nanotubes between cells [47] could
also be used to enhance cooperative interactions.
Competitive and antagonistic interactions from native
species pose another challenge for engineered consortia.
For relatively simple consortia composed of a small
number of species, unoccupied metabolic niches may
lead to colonization of invasive species. A recent theoret-
ical analysis suggests that competitive interactions are
crucial for population stability in highly diverse commu-
nities [48!], posing a challenge for current synthetic
consortia of limited population diversity. In addition to
competition, antagonism (e.g. antibiotic production and
degradation) also promotes coexistence of competing
species [49!], highlighting the importance of non-meta-
bolic interactions. Furthermore, stochastic events can also
create population fluctuations in mixed communities that
destabilize community structure and composition [50].
Further basic research is needed to understand these
dynamics and to develop engineering solutions to miti-
gate their adverse effects on desired community function.
Biocontainment and population control
Deployment of engineered microbial communities in
open environments will require precise control of popula-
tion growth. Furthermore, biocontainment of these sys-
tems will ensure that engineered functions are not
released into and do not disrupt natural ecosystems,
yielding unintended negative consequences [51]. To ad-
dress these potential concerns, several groups have
attempted to develop biocontrol and containment strate-
gies to modulate growth rate, yield, and function
(Figure 2d). For example, E. coli and yeast have been
recoded to require supplementation of non-natural amino
acids [52!!,53] or defined small molecules for growth [54].
By changing the levels of these externally supplied mole-
cules, population growth could be precisely controlled.
To further prevent the potential for engineered popula-
tions and their genes to escape into the environment, kill
switch gene circuits have been developed to contain
modular multilayered programmable input logic that
can respond to different environmental conditions
[55!!]. Ongoing concerns for the dissemination of engi-
neered traits to natural populations through horizontal
DNA transfer have led to strategies using CRISPR sys-
tems to precisely target and degrade defined sequences in
the genome to prevent their possible escape [56!].
Beyond biocontainment, precise population control may
be desirable for executing cell density-dependent func-
tions. To coordinate population-level function across
various length and time scales, several approaches in-
cluding the using of quorum sensing have been exploited
to develop gene circuits that respond to population
densities and modulate growth and function accordingly
[57!,58!,59]. Regulation of amino acid export has been
used to tune the abundance and membership ratios of a
crossfeeding microbial consortium to control communi-
ty-wide function [15]. Recent approaches to develop
multicellular gene circuits enable execution of complex
tasks and logic functions across multiple independently
tunable and modular strains [60,61]. Scale-up and syn-
thesis of these approaches for higher order systems and
diverse hosts will be a new frontier for engineering
precisely controllable microbial ecosystems.
Conclusions and future outlook
Synthetic ecology presents an exciting opportunity to
leverage recent theoretical and experimental advances
in synthetic biology, ecology, and computational biology
to rationally engineer useful microbial consortia in a
variety of environmental and biotechnological applica-
tions. With the recent revolution in genome engineering
capabilities to manipulate microbes and higher-order
organisms [2], the scale-up of microbiome engineering
to systems with more complex functions in dynamic
environments is poised to become an exciting and fruitful
endeavor for synthetic biology. New opportunities to
engineer microbial communities in open and changing
environments will require next-generation in  situ
approaches [62]. The bottom-up study of synthetic com-
munities will likely yield a better understanding for
natural microbial ecology by systematically evaluating
individual parameters in a controlled environment in
an iterative design-test-learn cycle. In turn, the explora-
tion and characterization of new microbial ecosystems
will further lend insights into the fundamental principles
that enable the modeling and engineering of synthetic
communities in many useful applications.
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